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Abstract 

 

The Quality Control of a membrane production process is a time consuming and resource wasting 

procedure. It involves the measurement of its Critical Quality Attributes (CQA) to verify if they fit 

within the desired specification. For a membrane, the most imperative CQA is the Bubble Point 

(BP). The BP is majorly dependent on the Critical Process Parameters (CPP), in particular on the 

Steel Belt Temperature (TBelt). It has been proven that Near Infrared Spectroscopy (NIRS) can 

be applied to monitor the CQAs (specifically the BP) and the stability of the process. This is 

achieved by combining NIRS with the use of Multivariate Data Analysis (MVDA) tools. There is a 

high possibility the same method can be applied for predicting the TBelt. Both BP and TBelt 

predictions are dependent on the major variability source in the production process: the different 

raw material lots used.  

 

There are three propositions in the present thesis: build a combined BP predictive model for 

membrane types 15427-EP and A5427, execute a robustness analysis for the BP predictive 

model for membrane type 15407 and accomplish a feasibility and robustness evaluation for a 

TBelt predictive model. 

 

This work showed good results. For the combined model building, the values of the Standard 

Error of Calibration and Standard Error of Cross-Validation are 0,07 bar and 0,08 bar, 

respectively, in a range of 1,4 bar. For the validation process, the values of the Standard 

Prediction Errors from the models are within 0,0430 - 1,419 bar, in a range of 2,300 bar. For the 

TBelt predictive models, the optimal Root Mean Square Error of Prediction values are within 

0,1107 - 1,0488 (°C), in a range of 4,000°C. Very positive results were obtained for the three 

proposed tasks, which contribute to the improvement of the monitoring and control of this 

membrane manufacturing process.  

 

  



 
 

Resumo 

 

O Controlo de Qualidade de um processo de produção de membranas é consideravelmente 

moroso e dispendioso de matéria-prima. Envolve a medição dos Atributos Críticos de Qualidade 

(ACQ) para verificar se estão dentro das especificações desejadas. Para uma membrana o ACQ 

mais importante é o Ponto de Bolha (PB). O PB depende maioritariamente dos Parâmetros 

Críticos do Processo (PCP), em particular da Temperatura da Banda de Aço (TBanda). Está 

provado que a Espectroscopia de Infravermelho Próximo pode ser aplicada para a monitorização 

dos ACQs (especificamente do PB) e da estabilidade do processo. Isto é realizado através da 

combinação da Espectroscopia de Infravermelho Próximo com o uso de ferramentas de Análise 

Multivariada de Dados. Há uma elevada possibilidade que o mesmo método possa ser aplicado 

para a previsão da TBanda. Tanto o PB como a TBanda estão dependentes de uma grande fonte 

de variabilidade do processo de produção: os diferentes lotes de matéria-prima utilizados.  

 

São propostos três pontos na presente tese: construção de um modelo combinado de previsão 

do PB para as membranas do tipo 15427-EP e A5427, execução de uma análise de robustez 

para o modelo de previsão do PB para as membranas do tipo 15407 e realizar uma avalição da 

viabilidade e robustez de um modelo de previsão da TBanda. 

 

Este trabalho mostrou bons resultados. Para a construção do modelo combinado, os valores do 

Erro Padrão de Calibração e do Erro Padrão de Validação Cruzada são de 0,07 bar e de 0,08 

bar, respectivamente, para um intervalo de 1,4 bar. Para o processo de validação, os valores do 

Erro Padrão de Previsão obtidos a partir dos modelos estão entre 0,0430 - 1,419 bar, para um 

intervalo de 2,300 bar. Para os modelos de previsão da TBanda, os valores otimizados do Erro 

Quadrático Médio de Previsão estão entre 0,1107 - 1,0488 (°C), num intervalo de 4,000°C. Foram 

obtidos resultados muito positivos para as três tarefas propostas, o que contribui para a melhoria 

da monitorização e controlo deste processo de fabricação de membranas.  

 

  



 
 

Index 

 

1. Introduction .......................................................................................................................... 1 

1.1. Motivation ...................................................................................................................... 2 

1.2. State of Research .......................................................................................................... 4 

1.3. Thesis Objectives .......................................................................................................... 5 

1.4. Thesis Outline ................................................................................................................ 6 

2. Theoretical Background ...................................................................................................... 7 

2.1 Membrane Technology .................................................................................................. 7 

2.1.1 Isotropic (Symmetrical) Membranes ......................................................................... 9 

2.1.2 Anisotropic Membranes ............................................................................................ 9 

2.1.2.1 Immersion Precipitation (Loeb-Sourirajan) Membranes .................................. 10 

2.2 Near Infrared Spectroscopy ........................................................................................ 13 

2.2.1 Principles of Vibrational Spectroscopy ................................................................... 13 

2.2.2 Near Infrared Radiation........................................................................................... 15 

2.2.3 Characteristics of Near Infrared Spectroscopy ....................................................... 16 

2.2.4 Instrumentation ....................................................................................................... 17 

2.3 Multivariate Data Analysis ........................................................................................... 20 

2.3.1 Data Pre-Treatment ................................................................................................ 22 

2.3.1.1 Multiplicative Scatter Correction (MSC) .......................................................... 22 

2.3.1.2 Extended Multiplicative Scatter Correction (EMSC) ........................................ 23 

2.3.1.3 Standard Normal Variate (SNV) ...................................................................... 23 

2.3.1.4 Derivatives ....................................................................................................... 24 

2.3.2 Model Calibration .................................................................................................... 24 

2.3.2.1 Principal Component Analysis (PCA) .............................................................. 25 

2.3.2.2 Partial Least Squares (PLS) ............................................................................ 26 

2.3.2.3 Error Quantification .......................................................................................... 27 

2.3.2.4 Outlier Detection .............................................................................................. 27 

2.3.3 Model Validation ..................................................................................................... 28 

2.3.3.1 Internal Validation ............................................................................................ 28 

2.3.3.2 External Validation ........................................................................................... 28 



 
 

2.3.3.3 Error Quantification .......................................................................................... 28 

2.3.3.4 Outlier Detection .............................................................................................. 29 

3. Experimental Procedure .................................................................................................... 30 

3.1 Production Process ..................................................................................................... 30 

3.3 Membrane Referencing ............................................................................................... 35 

3.3 Data Acquisition ........................................................................................................... 37 

3.3.1 Membrane types 15427 – EP and A5427 ............................................................... 37 

3.3.2 Membrane type 15407 ............................................................................................ 38 

3.3.3 Steel Belt Temperature ........................................................................................... 39 

3.4 NIR Spectrophotometers ............................................................................................. 39 

3.4.1 NIR Sensor (Casting Machine) ............................................................................... 39 

3.4.2 NIR Probe (Before Casting Machine) ..................................................................... 40 

4. Data Analysis ...................................................................................................................... 40 

4.1 Model Building for Membrane type 15427 - EP and A5427 ........................................ 40 

4.1.1 Membrane type 15427 – EP ................................................................................... 41 

4.1.2 Membrane type A5427............................................................................................ 42 

4.1.3 Complete Model (15427 – EP + A5427) ................................................................. 43 

4.2 Model Validation for Membrane type 15407 ............................................................... 46 

4.2.1 Variation Influence: PESU vs PVP ......................................................................... 47 

4.2.2. Asserting the Model’s Robustness ......................................................................... 49 

4.2.3 Improving the Model’s Robustness ......................................................................... 51 

4.3 Prediction of the Steel Belt Temperature .................................................................... 54 

4.3.1 Model for the Casting Machine ............................................................................... 54 

4.3.2 Model for the “Pure” Casting Solution ..................................................................... 56 

4.3.3 Prediction of the Belt Temperature - CM Model vs PCS Model ............................. 60 

4.3.4 Influence of Opacity ................................................................................................ 70 

5. Conclusions ........................................................................................................................ 78 

6. Future Perspectives ........................................................................................................... 79 

7. Bibliographic References .................................................................................................. 80 

Appendix A. Apparatus Description ......................................................................................... 84 

Appendix B. Data Generation .................................................................................................. 86 



 
 

Appendix C. NIR Spectrophotometer and Probe ..................................................................... 87 

Appendix D. Tables matching PESU and PVP with ID .............................................................. 1 

 

 

 

Table Index  

 

Table 1  Comparison of pore sizes of the membranes for the different types of filtration in µm .. 7 

Table 2  Values for the Regression at 1460 nm (highest band) for the different Principal 

Components ................................................................................................................................ 41 

Table 3  Values for the Regression at 1180 nm (highest band) for the different Principal 

Components ................................................................................................................................ 43 

Table 4  Table with the different lots of PESU and PVP for membrane type 15407 .................. 46 

Table 5  “Characteristics” and values of SEC, SEP and R2Cal for the different models made. The 

bold indicates the groups with the three highest SEP (and the respective values) .................... 50 

Table 6  “Characteristics” and values of SEC, SEP and R2Cal for the different models made with 

the "leave-one-out" validation ...................................................................................................... 50 

Table 7  Table with the different lots of PESU and PVP for the “Pure” Casting Solution. The letters 

in bold are the group ID and the letters separated by / mean that they have the same type of 

PESU and PVP............................................................................................................................ 57 

Table 8  “Characteristics” of the different models built and their values of R2, Q2, RMSEC, 

RMSEcv and RMSEP .................................................................................................................. 63 

Table 9  “Characteristics” of the different models built and their values of R2, Q2, RMSEC, 

RMSEcv and RMSEP .................................................................................................................. 63 

Table 10  Correlation Coefficients between some PCS models and the TBelt and between some 

CM models and the TBelt ............................................................................................................ 67 

Table 11  “Characteristics” of the different models built and their values of R2, Q2, RMSEC, 

RMSEcv and RMSEP .................................................................................................................. 73 

Table 12  Correlation Coefficients between some PCS models and the TBelt and between some 

CM models and the TBelt ............................................................................................................ 77 

Table 13  Description of the different apparatus used for Critical Quality Attributes assessment

 ..................................................................................................................................................... 84 

Table 14  CPP values for the membrane type 15427 - EP ......................................................... 86 

Table 15 CPP values for the membrane type A5427 ................................................................. 86 

Table 16  Complete list of SEP values for PESU vs PVP influence analysis ............................... 1 

 



 
 

Figure Index  

 

Figure 1  Scheme of the Quality Control step for the membrane production. .............................. 2 

Figure 2  Scheme of the membrane production process. The NIR sensor is placed in order to 

monitor the CQAs. The CPPs have influence mainly in the casting, conditioning and precipitation.

 ....................................................................................................................................................... 3 

Figure 3  Scheme of the motivation steps for the application of NIRS and MVDA for monitoring 

the membrane production process. In the center of the scheme is an image of the NIR sensor 

used, BioPAT®. ............................................................................................................................. 4 

Figure 4  Scheme of the different particles that pass through or are retained in the different types 

of filtrations [12] ............................................................................................................................. 7 

Figure 5 Schematic diagrams of the principal membrane types [9] ............................................. 8 

Figure 6 Graphic scheme of the precipitation process by diffusion ............................................ 11 

Figure 7 Cross-section of a membrane with finger-like structure pores [22] .............................. 12 

Figure 8 Section of a membrane with sponge-like structure pores [22] ..................................... 12 

Figure 9  Electromagnetic Spectrum [24] ................................................................................... 13 

Figure 10  Graphic representation of the harmonic (left) and anharmonic (right) potential energy 

curve of a molecule [30] .............................................................................................................. 15 

Figure 11  Graphic representation of the location of overtones and combinations of the most 

important functional groups according to their wavelength [31] .................................................. 16 

Figure 12  Variation of the error of model error (dotted line) and of the estimation error (dashed 

line) with the number of principal components. The black arrow indicates the ideal number of PCs 

to be used in the model [56] ........................................................................................................ 26 

Figure 13  Schematic of the conditioning and precipitation steps for precipitation-casting process, 

with the most important CPPs printed in blue. ............................................................................ 30 

Figure 14 Effect of increasing the Steel Belt Temperature from low temperatures (blue) to high 

temperatures (red) on Pore Size (cross view of the pore channels) and Bubble Point. The increase 

in TBelt, Pore Size and Bubble Point follows the direction of the arrows. .................................... 31 

Figure 15 Effect of increasing the time of exposure of the film to a certain VGas (cross-view). The 

smaller pores are represented by light grey and the bigger pores are represented by dark grey. 

The increase exposure time follows the direction of the arrow. .................................................. 32 

Figure 16 Scheme of the relative impact the variation in Casting Speed and Amount of Casting 

Solution (CPPs) have on the Thickness of the membrane (CQA) .............................................. 33 

Figure 17 Scheme of the measuring of the polymeric film by the NIR sensor. The yellow band 

indicates the area scanned by the NIR. The grey arrow indicates the direction in which the 

polymeric film is being transported (from the casting spot to the precipitation bath roll). The yellow 

arrow indicates the direction of the NIR reading. ........................................................................ 33 



 
 

Figure 18 Effect of increasing the Temperature of the Precipitation Bath from low temperatures 

(blue) to high temperatures (red) on Pore Size and morphology (cross view of the pore channels). 

The increase in TPrecipitationBath and Pore Size follows the direction of the arrows. ....................... 34 

Figure 19 Schematic of the overall production process (without the Preparation of the Casting 

Solution Step). ............................................................................................................................. 34 

Figure 20  Workbench with tools for membrane sample preparation......................................... 35 

Figure 21  Left image: Sample carrier and Sartocheck 3 plus, for Bubble Point measuring; Right 

image: manual apparatus for Bubble Point measuring. .............................................................. 36 

Figure 22  Left image: Hahn+Kolb caliper for Thickness measuring; Right image: Frank-PTI Line 

Bendtsen for Air Flux measuring. ................................................................................................ 37 

Figure 23  Measurement scheme of the BioPAT® Spectro [7] .................................................. 40 

Figure 24  Left image: Graphic representation of the Loads for the first four Principal Component 

(PC1 – green, PC2 – yellow, PC3 – red, PC4 – blue); Right image: Graphic representation of the 

Loads for the third and fourth Principal Component (PC3 – red, PC4 – blue). ........................... 41 

Figure 25  Graphic representation of the Predicted vs Observed, for the PLS model built with 

15427 - EP data. The model was built using 4 PCs and it has SEC=0,08 bar and R2Cal= 0,911. 

The green points are within one standard deviation (1SD) and the yellow points are within two 

standard deviation (2SD). ............................................................................................................ 42 

Figure 26  Left image: Graphic representation of the Loads for the first two Principal Component 

(PC1 – green, PC2 – yellow); Right image: Graphic representation of the Loads for the third 

Principal Component. .................................................................................................................. 42 

Figure 27  Graphic representation of the Predicted vs Observed, for the PLS model built with 

A5427 data. The model was built using 3 PCs and it has SEC=0,05 bar and R2Cal= 0,922. The 

green points are within 1SD and the yellow points are within 2SD ............................................. 43 

Figure 28  Left image: Spectrum of the membrane 15427 - EP. Right image: Spectrum of the 

membrane A5427. Both spectra were measured between 1050 and 1650 nm. ......................... 44 

Figure 29  Spectrum of both the membrane 15427 – EP and A5427. The Spectrum was measured 

between 1050 and 1650 nm. The applied pre-treatment was EMSC. ........................................ 44 

Figure 30  Graphic representation of the Predicted vs Observed, for the PLS model combining 

the 15427 – EP data with the A5427 data. The model was built using 4 PCs and it has SEC=0,07 

bar, SECV= 0,08 bar,  R2Cal= 0,957 and R2CVal= 0,944. The green points are within one standard 

deviation (1SD), the yellow points are within two standard deviation (2SD) and the red points are 

within three standard deviation (3SD). ........................................................................................ 45 

Figure 31  Graphic representation of the Residuals, for the PLS model combining the 15427 – 

EP data with the A5427 data. The green points are within 1SD, the yellow points are within 2SD 

and the red points are within 3SD. .............................................................................................. 45 

Figure 32  Spectrum of the membrane 15407, measured between 1050 and 1650 nm............ 47 

Figure 33  Left image: Graphic representation of the Predicted vs Observed, showing the 

calibration using B and the validation using A, for 2 PCs; Right image: Graphic representation of 

the Residuals, with SEC=0,0765 bar; SEP=0,0858 bar; R2Cal=0,959 and R2Val=0,378. The green 



 
 

points are within one standard deviation (1SD), the yellow points are within two standard deviation 

(2SD), the red points are within three standard deviation (3SD) and the blue points are within four 

standard deviations (4SD). .......................................................................................................... 48 

Figure 34  Left image: Graphic representation of the Predicted vs Observed, showing the 

calibration using D and the validation using E, for 2 PCs; Right image: Graphic representation of 

the Residuals, with SEC=0,073 bar; SEP=0,0575 bar; R2Cal=0,950 and R2Val=0,222. The green 

points are within 1SD, the yellow points are within 2SD, the red points are within 3SD and the 

blue points are within 4SD. .......................................................................................................... 48 

Figure 35  Histogram of prediction residuals of some models, showing a Gaussian shape. The x-

axis is the residuals and y-axis is the frequency ......................................................................... 50 

Figure 36  Left image: Graphic representation of the Predicted vs Observed, showing the 

calibration using A,B and 48 points of C and the validation using 50 points of C, for 3 PCs, with 

SEC=0,0695 bar; SEP=0,0662 bar; R2Cal=0,960 and R2Val=0,415; Right image: Graphic 

representation of the Predicted vs Observed, showing the calibration using A,B and 29 points of 

C and the validation using 69 points of C, for 3 PCs, with SEC=0,0692 bar; SEP=0,0966 bar; 

R2Cal=0,962 and R2Val=0,622. On both situations the green points are within 1SD, the yellow 

points are within 2SD, the red points are within 3SD and the blue points are within 4SD. ......... 51 

Figure 37  Left image: Graphic representation of the Predicted vs Observed, showing the 

calibration using A,B,C,D,E,F,G,H,J,K,L,M,N,O and 29 points of R and the validation using 34 

points of R, for 4 PCs, with SEC=0,0623 bar; SEP=0,0598 bar; R2Cal=0,923 and R2Val=0,215; 

Right image: Graphic representation of the Predicted vs Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 5 points of R and the validation using 58 points of R, for 4 PCs, 

with SEC=0,0620 bar; SEP=0,0729 bar; R2Cal=0,925 and R2Val=0,110. On both situations the 

green points are within 1SD, the yellow points are within 2SD, the red points are within 3SD and 

the blue points are within 4SD. .................................................................................................... 52 

Figure 38  Left image: Graphic representation of the Predicted vs Observed, showing the 

calibration using A,B,C,D,E,F,G,H,J,K,L,M,N,O and 5 points of P and the validation using 26 

points of P, for 4 PCs, with SEC=0,0624 bar; SEP=0,1079 bar; R2Cal=0,924 and R2Val=0,120; 

Right image: Graphic representation of the Predicted vs Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 15 points of P and the validation using 16 points of P, for 4 

PCs, with SEC=0,0624 bar; SEP=0,1200 bar; R2Cal=0,923 and R2Val=0,204. On both situations 

the green points are within 1SD, the yellow points are within 2SD, the red points are within 3SD 

and the blue points are within 4SD.............................................................................................. 53 

Figure 39  Graphic representation of the Predicted vs Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 29 points of P and the validation using 4 points of P, for 4 PCs, 

with SEC=0,0624 bar; SEP=0,1861 bar; R2Cal=0,923 and R2Val=0,035. The green points are 

within 1SD, the yellow points are within 2SD, the red points are within 3SD and the blue points 

are within 4SD. ............................................................................................................................ 53 

Figure 40  Score plot for the PLS model built from the data collected at the Casting Machine for 

membrane type 15407. The Steel Belt Temperature is identified by colors: blue is the lowest 



 
 

temperature (17,6°C) and orange is the highest (21,1°C). The different raw material lot 

combinations are labeled with their respective group letter ID. The three major groupings (high, 

medium and lower temperature) are defined by a circumference of a different color (orange, green 

and blue, respectively) ................................................................................................................ 55 

Figure 41  Score plot for the PLS model built from the data with the 2nd Derivative applied. The 

Steel Belt Temperature is identified by colors: blue is the lowest temperature (17,6°C) and orange 

is the highest (21,1°C). The different raw material lot combinations are labeled with their 

respective group letter ID. The three major groupings (high, medium and lower temperature) are 

defined by a circumference of a different color (orange, green and blue, respectively) ............. 55 

Figure 42  Graphic representation of the Observed vs Predicted, with RMSE=0,2685°C, 

RMSEcv=0,3832°C and R2=0,913. The PLS model was built with 6 PCs, using NIR data from the 

Casting Machine, with the 2nd Derivative applied. The different raw material lot combinations are 

labeled with their respective group letter ID. The different colors match the different group IDs.

 ..................................................................................................................................................... 56 

Figure 43  Spectrum of the “Pure” Casting Solution, measured between 1000 and 2200 nm. . 58 

Figure 44  Left image: Score plot for the model built with the data cut at around 2000 nm. Right 

image: Score plot for the model built with the data cut at around 1800 nm. Each model has 2 PCs. 

The colors correspond to each ID group. .................................................................................... 59 

Figure 45  Left image: Score plot for the model built with the data cut at around 2000 nm and with 

the 2nd Derivative applied. Right image: Score plot for the model built with the data cut at around 

1800 nm and with the 2nd Derivative applied. Each model has 3 PCs. The colors correspond to 

each ID group. ............................................................................................................................. 59 

Figure 46  Graphic representation of the Observed vs Predicted, with RMSEC=0,2581°C, 

RMSEcv=0,2800°C and R2=0,918. The PLS model was built with 6 PCs, using NIR data from the 

Casting Machine, with the 2nd Derivative applied. The different raw material lot combinations are 

labeled with their respective group letter ID. The different colors match the different group IDs.

 ..................................................................................................................................................... 60 

Figure 47  Graphic representation of the Observed vs Predicted, with RMSEC=0,3156°C, 

RMSEcv=0,4507°C and R2=0,877. The PLS model was built with 6 PCs, using NIR data from the 

“Pure” Casting Solution, with a cut at 1800 nm and the 2nd Derivative applied. The different raw 

material lot combinations are labeled with their respective group letter ID. The different colors 

match the different group IDs. ..................................................................................................... 61 

Figure 48  Score plot for the CM model. The Steel Belt Temperature is identified by colors: blue 

is the lowest temperature (17,6°C) and orange is the highest (21,1°C). The different raw material 

lot combinations are labeled with their respective group letter ID. The three major groupings (high, 

medium and lower temperature) are defined by a circumference of a different color (orange, green 

and blue, respectively) ................................................................................................................ 61 

Figure 49  Score plot for the PCS model. The Steel Belt Temperature is identified by colors: blue 

is the lowest temperature (17,6°C) and orange is the highest (21,1°C). The different raw material 

lot combinations are labeled with their respective group letter ID. .............................................. 62 



 
 

Figure 50  Graphic representation of the Observed vs Predicted for PLS model CM1. The color 

green is referent to the workset (all groups except A) and the color blue indicates the predictionset 

(group A). The RMSEP is 0,3747°C and the R2 is 0,878. ........................................................... 64 

Figure 51  Graphic representation of the Observed vs Predicted for PLS model PCS1. The color 

green is referent to the workset (all groups except A) and the color blue indicates the predictionset 

(group A). The RMSEP is 0,3684°C and the R2 is 0,855. ........................................................... 64 

Figure 52  Graphic representation of the Observed vs Predicted for PLS model CM6. The color 

green is referent to the workset (all groups except F) and the color blue indicates the predictionset 

(group F). The RMSEC is 0,9137°C and the R2 is 0,857. ........................................................... 65 

Figure 53  Graphic representation of the Observed vs Predicted for PLS model PCS6. The color 

green is referent to the workset (all groups except F) and the color blue indicates the predictionset 

(group F). The RMSEC is 1,2192°C and the R2 is 0,847. ........................................................... 65 

Figure 54  Histogram of prediction residuals of some CM models, showing a Gaussian shape. 

The x-axis is the residuals and y-axis is the frequency. .............................................................. 66 

Figure 55  Histogram of prediction residuals of some PCS models, showing a Gaussian shape. 

The x-axis is the residuals and y-axis is the frequency ............................................................... 66 

Figure 56  Graphic representation of the variation in the predicted TBelt by model CM11 (red) 

and in the real TBelt (black) through the different groups of raw material lots. .......................... 67 

Figure 57  Graphic representation of the variation in the predicted TBelt by model PCS11 (blue) 

and in the real TBelt (black) through the different groups of raw material lots. .......................... 68 

Figure 58  Graphic representation of the variation in the predicted TBelt: by model PCS6 (blue); 

by model CM6 (red) and in the real TBelt (black) through the different groups of raw material lots. 

The variations for group F are highlighted by a grey rectangle. .................................................. 69 

Figure 59  Graphic representation of the variation in the predicted TBelt: by model PCS8 (blue); 

by model CM8 (red) and in the real TBelt (black) through the different groups of raw material lots. 

The variations for group J,L and N are each highlighted by a grey rectangle. ........................... 69 

Figure 60  Score plot for the PCS model. The Opacity is identified by colors: blue is the lowest 

value (41,8 °C) and orange is the highest (50,9°C). The different raw material lot combinations 

are labeled with their respective group letter ID. ......................................................................... 70 

Figure 61  Score plot for the CM model. The Steel Belt Temperature is identified by colors: blue 

is the lowest temperature (17,6°C) and orange is the highest (21,1°C). The different raw material 

lot combinations are labeled with their respective group letter ID. The three major groupings (high, 

medium and lower temperature) are defined by a circumference of a different color (orange, green 

and blue, respectively) ................................................................................................................ 71 

Figure 62  Graphic representation of the Observed vs Predicted, with RMSEC=0,3421°C, 

RMSEcv=0,3419°C and R2=0,855. The PLS model was built with 4 PCs, using the Scores from 

the previous PCS model, combined with the Opacity values. The different raw material lot 

combinations are labeled with their respective group letter ID. The different colors match the 

different group IDs. ...................................................................................................................... 72 



 
 

Figure 63  Graphic representation of the Observed vs Predicted, with RMSEC=0,3728°C, 

RMSEcv=0,3712°C and R2=0,823. The PLS model was built with 4 PCs, using the Scores from 

the previous CM model combined with the Opacity values. The different raw material lot 

combinations are labeled with their respective group letter ID. The different colors match the 

different group IDs. ...................................................................................................................... 72 

Figure 64  Graphic representation of the Observed vs Predicted for PLS model PCS14. The color 

green is referent to the workset (all groups except T) and the color blue indicates the predictionset 

(group T). The RMSEP is 0,7779°C and the R2 is 0,823. ........................................................... 73 

Figure 65  Graphic representation of the Observed vs Predicted for PLS model PCS21. The color 

green is referent to the workset (all groups except T) and the color blue indicates the predictionset 

(group T). The RMSEC is 0,1700°C and the R2 is 0,857. ........................................................... 74 

Figure 66  Graphic representation of the Observed vs Predicted for PLS model PCS19. The color 

green is referent to the workset (all groups except J,L and N) and the color blue indicates the 

predictionset (groups J,L and N). The RMSEC is 0,5725°C and the R2 is 0,844. ...................... 75 

Figure 67  Graphic representation of the Observed vs Predicted for PLS model CM19. The color 

green is referent to the workset (all groups except J,L and N) and the color blue indicates the 

predictionset (groups J,L and N). The RMSEC is 0,6668°C and the R2 is 0,816°C. .................. 75 

Figure 68  Graphic representation of the variation in the predicted TBelt: by model PCS19 (blue); 

by model CM19 (red) and in the real TBelt (black) through the different groups of raw material 

lots. The variations for group J,L and N are each highlighted by a grey rectangle. .................... 76 

Figure 69  Graphic representation of the variation in the predicted TBelt by model CM17 (red) 

and in the real TBelt (black) through the different groups of raw material lots. .......................... 77 

Figure 70  Graphic representation of the variation in the predicted TBelt by model PCS17 (blue) 

and in the real TBelt (black) through the different groups of raw material lots. .......................... 77 

Figure 71  NIR device: BioPAT® Spectro [7] ............................................................................. 87 

Figure 72  MATRIX-F FT-NIR Spectrometer with fiber optic Probe [62] .................................... 87 

 

 

 

 

 

 



 
 

Abbreviations  

 

1D - 1st Derivative  

2D - 2nd Derivative  

ACS - Amount of Casting Solution  

AOFT - Acousto-Optic Tunable Filter  

BP - Bubble Point 

CM - Casting Machine 

CPP - Critical Process Parameters 

CQA - Critical Quality Attributes  

CS - Casting Speed 

CV - Cross-Validation  

D* - Detectivity  

DoE - Design of Experiments  

DTGS - Deuterated Triglycine Sulphate 

EMSC - Extended Multiplicative Scatter 

Correction  

FT-NIR - Fourier Transform NIR  

GS - Gas Separation  

In spec - In Specification 

IPA - Isopropyl alcohol 

KNN - K-Nearest Neighbour  

LED - Light Emitting Diodes 

MF - Microfiltration 

MIR - Middle Infrared Radiation  

MIR - Middle-Infrared  

MLR - Multi Linear Regression 

Multiplicative Scatter Correction (MSC) 

MVDA - Multivariate Data Analysis  

NF - Nanofiltration  

NIR - Near-Infrared Radiation  

NIRS - Near Infrared Spectroscopy  

NW - Norris-Williams Derivation  

OOS - Out of Specification 

PAT - Process Analytical Technologies  

PC - Principal Components  

PCA - Principal Components Analysis 

PCS - Process Control System 

PCS - Pure Casting Solution 

PESU - Polyethersulfone 

PLS - Partial Least Squares 

PVP - Polyvinylpyrrolidone 

QbD - Quality by Design  

RF - Radio Frequency 

RMSEcv - Root Mean Square Error of 

Cross-Validation 

RMSEC - Root Mean Square Error of 

Calibration 

RMSEP - Root Mean Square Error of 

Prediction 

RO - Reverse Osmosis  

SD - Standard deviation  

SEC - Standard Error of Calibration 

SECV - Standard Error of Cross-Validation 

SEP - Standard Error of Prediction 

SD – Standard Deviation 

SG - Savitzky-Golay Derivation  

SIMCA - Soft Independent Modelling of 

Class Analogies  

SNV - Standard Normal Variate  

TBelt - Steel Belt Temperature 

TColumn - Temperature of the Column  

UF - Ultrafiltration  

UV - Ultra-Violet Light 

VGas - Volume of Gas  

VIS - Visible Light  

τChannel - Residence Time of the Channel  

 

 

 

 

 

 



 

1 
 

1. Introduction 

 

Most industrial processes have a vast number of parameters that influence the quality of 

the final product. Since it is neither practical nor profitable to be taking samples all the time, it 

became necessary to find another way to follow (and control) those parameters. The use of online 

measurement techniques is a useful approach to minimize the need for sampling and, at the same 

time, to maintain or even to improve the product quality. It allows the collection of a great quantity 

of data, but usually of difficult interpretation. In order to analyze the data and extract useful 

information from it, is necessary the use of process models.  

A Model relates the dependable variables of a process with the independent ones [1]. In 

the case of an industrial process, the model describes the relationship between the 

measurements (independent variables) and the responses of the system (dependent variable) 

[2]. To obtain and apply the most correct model is necessary to use the right techniques for 

acquiring and analyzing the data, in order to increase the knowledge of the process and control 

it.  

Process Analytical Technologies (PAT) offers the tools to formulate an innovative 

framework for process and product development [1]. PAT are systems for analysis and control of 

processes, based on timely measurements of the Critical Quality Attributes (CQA) and the 

monitoring and control of the Critical Process Parameters (CPP). The goal is to ensure acceptable 

end-product quality and the completion of the process. CQAs are important characteristics that 

should be within an appropriate range to ensure the desired product quality. CPPs are process 

parameters that impact the CQAs and, therefore, the final product quality [1][3]. PAT involves the 

use of process analytical chemistry, Multivariate Data Analysis (MVDA) and process control 

techniques (e.g., the use of spectroscopic tools to perform monitoring) [3]. The use of 

spectroscopies, like Near-Infrared (NIR), Mid-Infrared (MIR) and Raman have many advantages 

over the traditional and more time-consuming analytical methods, like being non-destructive and 

not requiring reagents [4].   

In most processes, the product needs to pass through Quality Control, which evaluates 

its final quality. This is performed after the product is completely done. However, if it was possible 

to monitor and control every single step of the production process, there would be no need to 

control the final quality of the product. This concept is the core of Quality by Design (QbD). QbD 

can be described as a systematic approach to process development that begins with predefined 

objectives and emphasizes product and process understanding and process control [6]. This has 

serious advantages over the more traditional approaches: more efficient and effective control of 

variation, better understanding of the process, less failures, more costs saving, among others [5]. 

Quality by Design of the membranes can be obtained by implementing Process Analytical 

Technologies in the fabrication process. 

Some companies, like Sartorius Stedim Biotech GmbH, are investing in the use of PAT. 

Sartorius is a leading provider of equipment and services for the development, quality assurance 
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and production processes of the biopharmaceutical industry [6]. It manufactures many different 

types of products, ranging from scales to cell reactors. One of their main products is membranes 

for micro and ultrafiltration processes.  

 

1.1. Motivation 

 

Sartorius is a large manufacturer of filtration membranes. The produced membranes are 

usually assembled and sold in filter cartridges, filter capsules or flat-disc capsules for pre and 

sterile filtration. They can also be used to make syringe filters that can, later, be applied in more 

complex technologies, like pregnancy tests. Since there quite a market demand of all these 

products, its high quality needs to always be ensure. Any deviations in the product quality may 

compromise its correct use, causing problems in the process to which it is applied.  

Membranes are produced by casting-precipitation in the Casting Machine A1. A single 

membrane can take up to 2 hours to be made and have a length of 180 m. Each roll of membrane 

produced is subjected to Quality Control by the end of the process. If the CQAs are within the 

required range, the membrane has the correct specifications (is in spec) and can either be used, 

further processed or assembled in devices (filter cartridges, filter capsules or flat-disc capsules). 

If the CQAs do not have acceptable values, then the membrane is Out of Specification (OOS) 

and the whole roll is thrown away. This means that if a membrane is indeed OOS, it is only 

discovered when the roll is finished. Then, the CPPs are changed and another roll is produced. 

This is repeated until the CQAs are within reasonable values. Using this “trial-and-error” method 

for Quality Control not only causes a huge waste of raw material, time and energy, but it also does 

not account for any variations that might occur in the beginning or middle of the roll. On Figure 1 

is a scheme of what occurs when a membrane arrives to Quality Control.         

 

 

Figure 1  Scheme of the Quality Control step for the membrane production. 
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It became clear that was necessary to implement a monitoring system that allowed 

observing the process stability and identify OOS membranes before the end of the process. A 

good prior knowledge of the process identified which CPPs most influenced the process CQAs, 

as well as its location. In view of that information, a Near Infrared Spectrophotometer was placed 

in a specific location in the production line (Figure 2). The goal is to trace the CQAs of the still-

producing membrane where the CPPs are most influent.  

 

 

Figure 2  Scheme of the membrane production process. The NIR sensor is placed in order to monitor the CQAs. The 

CPPs have influence mainly in the casting, conditioning and precipitation. 

 

The NIR Spectroscopy (NIRS) is characterized by its capacity to capture both physical 

and chemical parameters of a sample. This results in broad, overlapping waves that cannot be 

solved directly. To extract information from the NIRS, Multivariate Data Analysis software tool 

must be employed, generating models. A good model must account, not only for the optimum 

CQA values, but also for the deviations that might occur. The model must predict the CQAs, 

according to the spectral information that receives.  

Since the monitoring of the CQAs can be made in-line, the control of the CPPs will be 

easier. This means that a continuous reading of the CQAs will allow a continuous control of the 

process stability, facilitating the correction of the CPPs (in case of OOS membranes) and its 

impact observation while in process. 

On Figure 3, there is a representation of the monitoring and control scheme for the 

membrane production process.  
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Figure 3  Scheme of the motivation steps for the application of NIRS and MVDA for monitoring the membrane 

production process. In the center of the scheme is an image of the NIR sensor used, BioPAT®. 

 

 The CPPs influence the CQAs; 

 The CQAs are read by the NIR sensor (BioPAT®); 

 The spectral data is given to the model; 

 The model predicts the CQAs; 

 If the predicted CQA values are not within specification, the CPPs are corrected. If the 

membrane is in spec, the process proceeds as it is.  

 

 A successful prediction of quality through the use of NIR will have advantageous 

consequences. Since the process is monitored constantly (instead of once each 180 m), the 

process stability is more easily guaranteed. OOS membranes can be detected while still in 

process and the CPPs can be corrected without delay, saving raw material, energy and time. The 

impact of the CPPs change can be evaluated in real time, which contributes to the knowledge of 

the process. The need for sampling and CQA assessment at the end of the process is also 

reduced. The optimization of the casting line A1 is a way to increase the cost-effectiveness of one 

of the Sartorius highest selling products.    

 

1.2. State of Research  

 

Near Infrared Spectroscopy is more than one century old, but only started to get relevance 

in the last 50 years. It was first used by the United States Department of Agriculture, in the 1960’s 

to detect the internal qualities of apples plagued by a non-parasitic disease. This awoke the 

interest of the scientific community in the possible uses of NIR, increasing the researches and 

studies on the topic. In the last 25 years, NIRS has been successfully implemented in the 

chemical, biological and pharmaceutical industries, for analyzing and in-line monitoring of 

production processes [2].  
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This growing widespread of the use of NIR technology is intrinsically related with the 

development of increasingly more powerful computers. Computers enhanced not only the control 

and acquisition of data from the instrument, but also the analysis and exploration of the data. The 

introduction of Multiple Linear Regression (MLR), Partial Least Squares (PLS), Principal 

Component Analysis (PCA) and Cluster Analysis enhanced the treatment of spectral data. This 

allowed NIR to be stabled as the measuring technique of choice in many sectors [34].    

On 2010, Sartorius took the expanding knowledge of NIR and MVDA and applied it to 

their membrane production line A1, starting the project “Automation of Casting Machine A1”. The 

goal was to perform automatic model building and displaying the NIR results in the Process 

Control System (PCS). The project has several stages:  

1. A Time Stamp is associated to the samples collected by the operator at the end 

of the roll; 

2. The samples are referenced and added to a database; 

3. The data is associated with NIR measurements and the Time Stamp is corrected;  

4. The data is exported for model calibration; 

5. A model is built for each membrane type (calibration); 

6. The model predicting capacities are verified (validation); 

7. Display of NIR predictions at the PCS.  

Presently, only the first 4 stages are completed. Stages 5 and 6 have been the main focus of 

attention of the project for quite some time.  

On 2012, Matthias Bode explored the possibilities for membrane process optimization in 

his Master thesis “Multivariate Data Analysis of the Casting Machine A1“. He identified the casting 

line CPPs and merged the parameters with the spectral data. He then applied MVDA to the 

combined data. Finally Matthias compared the fused data models with the spectral data only 

models. This enhanced the knowledge of the process, expanding its understanding, and allowing 

the consideration of new prospects of real-time process monitoring and control [7].    

On 2014, Rafael Santos evaluated the possibility of applying PAT tools to a selected 

range of membranes in his Master thesis “Optimization of a Membrane Production Process 

according to PAT”. He evaluated the relationship between the selected CPPs and the membrane 

CQAs using Design of Experiments. Then he merged the NIR data with the CQAs and built 

models for membrane types 15407, 15458, 15404-H and 15457. This proved that the process 

optimization can be expanded to different types of membranes, contributing to the improvement 

in monitoring and control of the membrane process [8]. 

  

1.3. Thesis Objectives 

 

The current thesis can be divided in three main objectives: make a feasibility study for a 

combined Bubble Point prediction model for membrane types 15427-EP and A5427; perform a 

robustness analysis for the Bubble Point prediction model for membrane type 15407; achieve a 

feasibility and robustness assessment for a Steel Belt Temperature prediction model. 



6 
 

The focus on Bubble Point is due its relation with the Pore Size, hence being a membrane 

most important CQA. For the first part, unlike the previous works, no Design of Experiments was 

used to generate data. Since the two membrane types in focus are produced in low quantities, 

there was no need to perform an expensive and time-consuming DoE. The goal of the robustness 

study is to assure that the model can predict unknown data, specifically lot-to-lot variability. Before 

a model can be fully used to display predictions in the PCS, it is necessary to discern two things: 

if the model is predicting correctly when a new raw material is used in the production line and 

what should be done when it is not. That way is possible to always have a functional model, which 

contributes to the process optimization.    

Finally the third aim is related with the Steel Belt Temperature (TBelt). Membranes are 

formed by casting a solution onto a moving Steel Belt. The temperature of the Belt has the 

strongest impact in the Bubble Point, being one the most relevant CPPs. The method to find the 

correct TBelt is slow and raw material consuming, since it depends on the raw material lot being 

used. The aim of prediction the TBelt is to reduce the time gap that it takes to define the correct 

process settings, reducing the raw material waste, which increases the profitability.  

Overall the three objectives of the present thesis are:  

1. Model Building for Bubble Point prediction and stability analysis for membrane 

types 15427 – EP and A5427; 

2. Validation with new raw material lot of the model for Bubble Point prediction for 

membrane type 15407; 

3. Model Building for prediction of the Steel Belt Temperature and Validation with 

new raw material lots. 

 

1.4. Thesis Outline 

 

The thesis has the following organization:  

 Chapter 2: The concepts necessary to understand the experimental procedures 

and results (such as Membrane Technology, Near Infrared Spectroscopy and 

Multivariate Data Analysis) are described in this chapter; 

 Chapter 3: In this chapter are presented the production process, the 

methodology to generate and collect the data and what kind of data was 

collected; 

 Chapter 4: This chapter reveals and explains the results obtained, such as Model 

Building and Model Validation; 

 Chapter 5: Some conclusions about the overall work and results can be found in 

this chapter; 

 Chapter 6: Finalization of the dissertation with the discussion of the future 

perspectives for the project.  
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2. Knowledge Background 

 

2.1 Membrane Technology 

 

A membrane can be defined as a selective barrier that can control the permeation rate 

between chemical species. Their main application is separation (e.g. sterilization, purification) of 

components, but they can have other uses, like drug delivery [9][10]. Each application imposes 

specific requirements on the membrane material and membrane structure [11]. 

There are several types of separations that membranes can be used for, depending on 

their pore size, pore size distribution, selectivity and permeability: Microfiltration (MF), 

Ultrafiltration (UF), Nanofiltration (NF), Reverse Osmosis (RO) and Gas Separation (GS) [11]. On 

Figure 4 it is possible to observe a schematic representation of what kind of particles are collected 

by the membrane, depending solely on the size. On Table 1 there are the average pore size gaps 

for the different type of membrane separations.  

 

 

Figure 4  Scheme of the different particles that pass through or are retained in the different types of filtrations [12] 

 

Table 1  Comparison of pore sizes of the membranes for the different types of filtration in µm [13] 

 

 

In a simple way, all the particles that are smaller than the pore pass thought the interface 

of the membrane; everything else is retained in the membrane layers. The exception is GS, in 

which the gas components are separated through the differences in pressure and concentration 

in the two sides of the membrane. [14] 

Type of Filtration Pore Size (μm)

MF 1,0 - 0,05

UF 0,5 - 0,005

NF 0,01 - 0,0005

RO 0,001 - 0,0001
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To perform these separations, different types of membranes can be used. Figure 5 is a 

graphic representation of the principal membrane types. Isotropic (or symmetrical) membranes 

are homogenous in composition and physical nature across their cross section. They can be 

microporous or nonporous dense membranes. Anisotropic (or asymmetrical) membranes are 

non-uniform across the membrane cross-section. Typically they are composed by layers, which 

vary in structure and/or chemical composition. They can be thin-film composite or Loeb-Sourirajan 

membranes. Loeb-Sourirajan membranes (named after the people who are credited with the initial 

development) are a type of phase inversion membranes. Although this technique can be used to 

make both isotropic and anisotropic membranes, the latter are the most common. Electrically 

charged membranes are, usually, very finely microporous, with negatively or positively charged 

ions attached to the pore walls [15][16] 

 

 

Figure 5 Schematic diagrams of the principal membrane types [9] 

 

Liquid membranes usually consist of a thin film that separate two phases (that can be aqueous 

solutions or gas mixtures). The material used for the membrane should be immiscible with water 

and have low vapour pressure, being oil a good example. There are more membrane types, like 

metal membranes and ceramic membranes, among others. Metal membranes (made from metals 

like tantalum, vanadium and palladium) are used for gas separation, mainly hydrogen. Ceramic 

membranes are made from inorganic constituents, such as metal oxides. They have various 

advantages over polymeric membranes, like being chemically inert, resistant to high 

temperatures, having a well-defined pore size and a narrow pore size distribution. However, 

polymeric isotropic and anisotropic membranes are still less expensive, being the most used 

membrane types [9][17][18].   
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2.1.1 Isotropic (Symmetrical) Membranes 

 

Microporous membranes have very rigid, highly voided structure, with randomly 

distributed and interconnected small pores. The separation is performed based on molecular size 

and pore size distribution. This type of membranes can be fabricated by track-etch, stretching or 

template leaching [9][19]. 

Track-etch membranes are made by a two steps process: first, a polymer film is irradiated 

with fission particles in order to break the polymer chains; then the damaged film is passed 

through an etching solution that will open pores along the sensitized nucleation tracks [9][16][19]. 

Stretching is a process used to produce expanded-film membranes.  In the first step, a 

highly oriented film is produced by extruding a polymer at close to its melting point, coupled with 

a very rapid drawdown. This is followed by an alignment of the crystallites in the direction of 

orientation by cold stretching. After cooling and annealing, the film is stretched a second time. 

During this second elongation (hot stretching) the amorphous regions between the crystallites 

(which are weaker) are deformed, forming slit-like voids, which will originate the pores [9][16][19]. 

Finally, template leaching is a method in which a homogenous mixture is made from a 

polymer and a leachable component. That mixture is extruded and pelletized several times until 

a thin film is formed. Then, the leachable component is removed with a solvent, leaving pores in 

the matrix [9][16][19]. 

Nonporous dense membranes consist of a film through which fluids are transported by 

diffusion under driving force of pressure, concentration or electrical potential gradient. The 

separation is based on the relative transport rate of the components within the membrane. This 

type of membrane can be produced by solution casting or melt extrusion [9][19]. 

 Solution casting is commonly used to prepare small samples of membrane at a 

laboratory scale, but can also be used to produce at a larger scale. An even polymeric film mixture 

is spread across a flat plate with a casting knife. The solution is then left to stand, so the solvent 

can evaporate, leaving behind a uniform film [9]. 

However, there are many types of polymers which cannot be properly dissolved at room 

temperature, so the membranes have to be made by melt extrusion. The polymer is compressed 

between two heated plates, just below the melting point. On the final step, air is used to dry the 

film and create a thin membrane [9][16][19]. 

 

2.1.2 Anisotropic Membranes 

   

 Thin-film composite are a type of membrane that is both chemically and structurally 

heterogeneous. Commonly they are composed by a highly porous polymeric substrate and a 

thinner dense film of a different polymer. These membranes can be made by various methods, 

being interfacial polymerization and solution coating the most usual. [16][19] 

In the interfacial polymerization process, an aqueous solution of a prepolymer is 

deposited in the pores of a microporous support membrane. This is followed by an immersion in 
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a water-immiscible solvent solution containing a certain chemical component. The prepolymer 

reacts with the immiscible component, forming a strongly cross-linked, very thin membrane layer. 

These membranes have a dense, highly cross-linked polymer layer on the surface and a more 

permeable hydrogel layer under it, being very finely porous.  

Solution coating is a process in which a dilute polymer solution in a volatile water-

insoluble solvent is casted over the surface of a water-filled trough. This forms a very thin and 

fragile polymer film, which is then transferred to a microporous support [9]. 

Loeb-Sourirajan membranes (named after the people who are credited with the initial 

development) are a type of phase inversion membranes. Phase inversion membranes 

(sometimes also called phase separation membranes) are homogenous in chemical nature, but 

usually not in structural composition. They possess variations of density, porosity and pore size 

in the different layers. The process of phase inversion can be described as a demixing. The initially 

homogeneous polymer solution is transformed, in a controlled manner, from a liquid to a solid 

state, with separation of some components. There are four ways to accomplish this: thermally 

induced, evaporation induced, vapour induced or immersion precipitation [9][16][19].  

Thermally induced phase separation is a two-step process: first, occurs a liquid-liquid 

demixing of a solution of a polymer in a solvent of lower molecular weight. This usually happens 

at lower temperatures, so that the separation of a polymer rich phase and a polymer poor phase 

can take place. The final step can be crystallization, gelation or vitrification (depending on the 

intrinsic characteristics of the polymeric solution) and removing of the solvent by extraction or 

freeze-drying. Liquid-liquid demixing induced by heating is manly dependent of the initial 

conditions. If the polymer concentration in the original solution is above the critical point 

(conditions at which there are no distinction between phases), nucleation of droplets of polymer 

poor phase will occur. If it is below the critical point, nucleation of droplets of polymer rich phase 

will take place [9][11][19].  

Evaporation induced phase separation consists of casting a viscous polymer solution 

mixed with a solvent and a non-solvent, on a flat porous substrate, followed by the evaporation 

of the volatile solvent. As the solvent evaporates, the casting solution is enriched in non-solvent 

content, causing the precipitation of the polymer, creating a porous membrane. The morphology 

of the film can be controlled by using solvents with different boiling points [9][11][19]. 

Vapour-induced phase separation is a process that combines evaporation induced phase 

separation with a step of absorption of a gaseous non-solvent. The solution is casted onto a 

moving belt that will roll through multiple environmental chambers. In there, the casting solution 

will lose the solvent by evaporation and absorb the non-solvent present in the atmosphere, 

causing the polymer rich phase to precipitate [9][11][19]. 

 

 

 

2.1.2.1 Immersion Precipitation (Loeb-Sourirajan) Membranes 
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Immersion precipitation (or precipitation-casting) is a two-step process: a liquid-liquid 

separation occurs, followed by the solidification of the film.  In this fabrication method a polymer 

solution (one or more polymers mixed with a solvent) is casted on a support. Then, the solution 

is immersed in a precipitation (or coagulation) bath, containing a non-solvent. An exchange of 

solvent and non-solved takes place. The solvent diffuses into the precipitation bath and the non-

solvent diffuses into the casting film. The exchange of solvent and non-solvent proceeds until the 

solution becomes thermodynamically unstable. As a way to lower the free energy and return to a 

more stable state, a demixing occurs. The solution is divided into two liquid phases of different 

composition: a polymer-poor phase that will form the liquid-filled pores and a polymer-rich phase 

that will become the matrix of the membrane, giving it structure [19][20][21][17].  

 When the cast mixture gets in contact with the precipitation medium, the exposed top 

layer is the first to precipitate. This occurs rapidly, causing the pores on the surface of the 

membrane to be much smaller than the ones in the interior or bottom side of the film. The 

precipitated layer then acts as a barrier that slows the diffusion of the solvent and non-solvent to 

the precipitation bath and to the polymeric film, respectively. The result is a slow precipitation on 

the interior and bottom layers. Since the pore formation takes more time, the pores are bigger. 

On Figure 6 it is possible to see a schematic representation of the process. The non-solvent 

diffuses thought the top layer, causing a change of composition in the mixture. This results in 

instability and the first nucleus of the polymer- poor phase occurs to form a nascent pore. The 

nascent pore will grow if more non-solvent continually diffuse into it, inducing the diffusion of 

solvent. The loss of solvent causes an increase in the polymer concentration of the polymer-rich 

phase surrounding the pore. When the concentration is high enough, solidification will occur and 

the pore stops growing (mature pore). This will define the pore structure. However the entire 

length of the pore may not solidify simultaneously, causing it to have different diameters. When 

more non-solvent enters the different sites of the layers (consequently causing the exit of the 

solvent) more pores will form [19][20][21][17].   

 

 

Figure 6 Graphic scheme of the precipitation process by diffusion  

 

When the diffusion of both the solvent and the non-solvent is very quick and continuous, 

a great amount of both will diffuse before the nascent pore can solidify. This causes finger-like 

structures in the membrane, like the one in Figure 7. The pores will grow into these structures as 
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long as the loss of the solvent continues to supply the growth of the pores. If the diffusion of the 

non-solvent is very slow, the nucleation will only start when a certain amount of non-solvent is 

accumulated in the casting solution. 

 

 

Figure 7 Cross-section of a membrane with finger-like structure pores [22] 

 

This will cause the formation of many pores at the same time, which will limit their growth, since 

they are all consuming solvent at the same time. Consequently various small pores will form, 

originating a sponge-like structure, which can be seen in Figure 8 [20]. 

 

 

Figure 8 Section of a membrane with sponge-like structure pores [22] 

 

Pore formation is very much dependent of the diffusion rate of the solvent and the non-

solvent. However various factors can contribute to the pore size and porosity: high polymer 

concentration in the casting solution, low miscibility of the polymer in the solvent, solvent diffusion 

flux bigger than non-solvent diffusion flux. These factors can originate membranes with smaller 

pore size and less porosity. Adding an additive can improve the pore formation, since it slows the 

process. [19][20] 
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2.2 Near Infrared Spectroscopy  

 

Spectroscopy is the study of the interaction of electromagnetic radiation with matter. The 

electromagnetic spectrum covers a broad range of energies, associated with different types of 

radiation (as can be seen on Figure 9). When the interaction between the electromagnetic 

radiation and the matter occurs, the radiation can be absorbed, scattered, transmitted, reflected 

or converted to photoluminescence. On the matter level, the particles experience energy level 

transitions. Those transitions can occur at a nuclear, electronic, rotational or vibrational level [23].  

 

 

Figure 9  Electromagnetic Spectrum [24] 

 

Molecular Vibrational Spectroscopy is based on the change of distance or angle between 

the atoms of a molecule while its average position and orientation remains the same. Transitions 

between lower vibrational energy levels and high vibrational energy levels will take place. 

Examples of that are Middle Infrared (MIR) Spectroscopy, Raman Spectroscopy and Near 

Infrared (NIR) Spectroscopy [25]. 

 

2.2.1 Principles of Vibrational Spectroscopy 

 

As mentioned before, NIR, MIR and Raman are three types of vibrational spectroscopy, 

which means that the signals in the spectra can be observed as a consequence of a molecular 

oscillation occurring about an equilibrium point (molecular vibrations). The main difference is that 

Raman spectroscopy is based on the scattering of radiation, while NIR and MIR spectroscopies 

are absorption techniques [26]. 

 On Raman spectroscopy the sample is irradiated with mono-chromatic light, with the goal 

of exciting the molecules from the fundamental level to an energy state above the typical 

vibrational energy levels. From the virtual energy level, two effects may occur: the molecule can 

return to ground state by elastic scattering (corresponding to the Rayleigh line which contains no 
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information in terms of molecular vibration); the molecule can return to the first excited vibrational 

level by inelastic scattering (which corresponds to the Stokes line). It can also happen that the 

starting level is the first excited vibrational level and the molecule returns to ground state by 

inelastic scattering (emitting the anti-Stokes line). Stokes lines are the most used for Raman 

spectroscopy due to their higher intensity when compared to the anti-Stokes lines (lower 

population on the initial excited state, lower intensity) [26]. 

For the techniques based in absorption (NIR and MIR) one of the most important 

phenomena is the change in the polarity of the molecule. The dipole moment will determine the 

complexity of the absorption and depends on the number, size and orientation of the atoms 

present in a molecule [27]. From a mechanical point of view, the molecular vibrations can be 

treated firstly considering the classic model of the diatomic harmonic oscillator (Eq. 1): 

 

ν =
1

2π
√

k(m1 + m2)

μ × m1 × m2
   

 
Eq. 1 
 

 

where 𝜈 is the vibrational frequency of the absorption band and the force constant 𝑘 is the bond 

strength between the two masses, m1 and m2. Vibrational frequencies contain the information 

about the structure of the investigated component. Those frequencies (and thus the energy) are 

a function of the bond strength. The vibrational energy can be described by the following equation: 

E = (n +
1

2
)

h

2π
√

k(m1 + m2)

μ × m1 × m2
 

 
Eq. 2 

 

 

in which 𝑛 corresponds to the vibrational quantum number and h to the Plank’s constant. 

According to Eq. 3 and considering that v can only have integer values, only transitions between 

equidistant neighbouring energy levels are allowed in this model. The potential energy curve V of 

the harmonic oscillator is given by: 

 

V =
1

2
kx2 

 
Eq. 3 

 

 

with the displacement of the vibrating atoms being represented by 𝑥. According to eq.4 the 

potential energy curve is parabolic. The parabolic shape of the potential energy curve implies that 

the molecule is capable of storing infinite amounts of energy. However, it is proven that, with a 

certain amount of energy applied, the molecular bond is so extended that it breaks, causing 

molecule dissociation. Furthermore, strong repelling forces are observed when the atoms are 

close to one another (Coulombic repulsion), which is not considerate in the harmonic model. It 

was also verified that the transitional levels are not equally distanced and that distance decreases 

with increasing energy. It is possible for transitions to occur, as well, between two non-
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neighbouring levels. The first effect is called anharmonicity and the second are the overtone 

transitions [2][26]. 

   A more correct way to treat the absorption-based techniques is to use the anharmonic 

model. This model describes non-symmetric vibrations around the equilibrium position. The 

allowed energy levels can now be described by: 

E = ν (n +
1

2
) − χν (n +

1

2
)

2

 

 

Eq. 4 

 

 

with 𝜒 being the anharmonicity constant. The potential energy curve is now represented by an 

asymmetric Morse function, which allows the disassociation of atoms (Figure 10). In addition to 

the now- allowed overtone transitions (the transition from the fundamental to the second level 

corresponds to the first overtone and so on), there is also the possibility for combinations of 

different vibrational transitions. Combinations involve simultaneous transitions, resulting in two or 

more different vibrations from the absorption of a single photon [28][29]. The NIR region contains 

almost exclusively absorption bands resulting from overtones and combinations. MIR absorption 

results essentially from fundamental transitions [26][29]. 

 

 

Figure 10  Graphic representation of the harmonic (left) and anharmonic (right) potential energy curve of a molecule 

[30] 

 

2.2.2 Near Infrared Radiation 

 

NIR radiation was discovered in 1800 by Sir William Herschel. In one of his experiments 

he used a glass prism to disperse the sunlight onto three thermometers. Towards the red end, 

the heating effect was quite clear, as expected. However, just beyond the visible red, was where 

the temperature increased the most, indicating the presence of radiation there. Later that spectral 

region received the name of Near Infrared [26]. 
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The NIR region is situated between 700 nm and 2500 nm (between VIS and MIR). 

Absorption bands resulting from overtone transitions emerge between 780 nm and 2000 nm. 

Combination modes cause bands to appear between 1900 nm and 2500 nm. These transitional 

probabilities are lower than the fundamental step, which results in bands with weaker intensity 

[2][29][30].  

The bonds that dominate the NIR spectrum are the ones with higher anharmonicity, 

namely the ones involving hydrogen. Since hydrogen is the lightest atom, the bonds vibrate at 

high energy and with large amplitude. Therefore, compounds containing the functional groups C-

H, O-H, N-H, S-H originate the bands with the most intensity [35][44]. On Figure 11 the 

localization of the overtones and combinations of those groups is presented. It is possible to 

obtain very similar adsorption spectra by substituting hydrogen for deuterium. The only difference 

is a frequency shift, due to the higher mass of the isotope. This can be used to perform band 

assignments [29].     

 

 

Figure 11  Graphic representation of the location of overtones and combinations of the most important functional groups 

according to their wavelength [31] 

 

2.2.3 Characteristics of Near Infrared Spectroscopy  

 

Near Infrared Spectroscopy (NIRS) is a simple, quick, non-destructive, reagent- and 

waste-free analytical technique. It can be used to analyse the chemical, physical and structural 

properties of a sample. However, the absorption spectra obtained are usually very complex, due 

to the broad overlapping bands, 10–100 times weaker than their corresponding fundamental MIR 

absorption bands. Both the chemical and the physical composition of all the species present in 

the sample influence the measured spectra. Each variable corresponds to the measured 
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absorption at a certain wavelength. This means the data collected by the NIRS is multivariate 

(depends on more than one variable simultaneously). Each variable corresponds to the measured 

absorption at a certain wavelength. It is necessary to apply data evaluation tools, such as 

Multivariate Data Analysis (MVDA) to extract information from the spectra [2][32].     

 MIR, NIR and Raman Spectroscopy have a large availability of efficient chemometric 

tools, the possibility of using light-fiber optics and applicability for off-line, at-line, on-line and in-

line measurements. The use of optical fibers probes allowed the spectrophotometer to be located 

far away from the process. However, despite revealing similar structural information as MIR and 

Raman Spectroscopy, NIRS is superior with regard to flexibility, robustness and cost efficiency. 

Nowadays NIR is used by pharmaceutical, biological, chemical, and food industries to monitor 

their processes. It can also be used to perform analysis at a laboratorial level [2][26].  

However there are some disadvantages in the use of NIRS. Since water has a very strong 

NIR absorption, moisture present in the samples has a great influence on the spectra, which 

complicates spectral identification and analysis. The physical parameters like size and shape can 

originate light scattering, which causes interference. When the goal is the analysis of chemical 

related properties, that interference needs to be minimized. NIRS also has a lower selectivity than 

MIRS and Raman Spectroscopy. That can be seen as a drawback, but it also means that a lot 

more different information can be obtained from the spectra [2][26]. 

In order to obtain the best measurements, the instrumentation used must be carefully 

selected. There are many types of NIR sensors and, depending on the characteristics of the 

samples and the goal of the measurement, one type might be better than the other [26]. 

  

2.2.4 Instrumentation 

 

 A NIR spectrometer is, in its basic form, composed of a light source, a monochromator, 

a sample holder or a sample presentation interface and a detector. Depending on their 

wavelength separation technology they can be Filter instruments (AOTF), dispersive (Diffraction 

Grate) or interfomeric (FT-NIR) [30][32]. 

 The light source used is, usually, a tungsten-halogen lamp. These types of lamps are 

thermal radiators, which mean the light is generated by heating a solid body to a high temperature. 

It has a broadband, blackbody-like emission spectrum, which means its wavelength and intensity 

depend only on the temperature. The peak spectral radiance of a lamp working at 2500K is around 

1000 nm. Temperatures above 3000K will increase considerably the peak intensity, but reduce 

dramatically the lifetime. The lamp is constituted by a tungsten filament surrounded by an 

envelope which is filled with an inert gas (such as krypton), mixed with a low quantity of a halogen 

element (like bromine). The inert gas helps increasing the pressure in the envelope, reducing the 

tungsten vaporization rate. The halogen reacts with the vaporized tungsten to stop its deposition 

on the envelope, increasing the lifetime of the lamp [33][34].  

 An alternative to the lamps is the use of LEDs (Light Emitting Diodes) as a light source. 

The radiation is emitted thought a process called electroluminescence (process in which electrons 
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cross the active region between two semiconductor layers, producing photons). Using this 

technique it is possible to produce NIR radiation centred in any wavelength of the spectral region. 

The use of LEDs is more adequate when there is limited space and only a narrow information 

content is required [29][30][35]. 

 A monochromator is a device that transmits a selectable band of wavelengths, chosen 

from a wider range available at the input. There are two different ways of obtaining that 

wavelength separation: Diffraction Grating and Acousto-Optic Tunable Filter (AOTF) [27].  

 The Diffraction Grating is composed by multiple equally spaced slits that separate the 

wavelengths along the focal plane. The wave front is divided and the resultant beams are then 

recombined. On the recombination point the beams interfere with each other. If all the 

contributions to the total irradiance at that point are in phase, it originates an interference 

maximum. This condition is met when the follow equation is verified: 

 

pλ = d × sin θ Eq. 5 

 

 

in which 𝑑 is the grating constant (sum of the spacing between the slits and the width), 𝜆 is the 

wavelength, 𝜃 is the angle of the interference maxima and p is the order of diffraction. For one 

single wavelength there are different values for the interference maxima since there are different 

integer values of the grating constant. This means that, for the range of wavelength of a 

polychromatic incident radiation, there will be contributions from different diffraction orders 

superimposed. Usually the diffraction at first order is more intense, and it is the one used for NIRS. 

To avoid the stray light signal, coming from the diffraction at other orders, a band pass optical 

filter can be placed before the detector. Internal reflections and scattering from the surfaces of 

the optical components also contribute to the presence of stray light, but with less intensity 

[26][30][33]. 

 The Acousto-Optic Tunable Filter is a type of device that uses the interaction between an 

acoustic wave and an electromagnetic wave to diffract only a single wavelength (or a very narrow 

band pass of frequencies), for a certain tuning condition. A Radio Frequency (RF) driver 

generates a high-frequency electric field that causes excitation in a piezo-transducer. The piezo-

transducer produces a mechanical (acoustic) wave, due to the piezo-electric effect. The acoustic 

wave propagates through a birefringent crystal (attached to the transducer) with a fixed 

wavelength, determined by the frequency of the RF driver. When the polychromatic radiation 

(originated from the light source) hits the crystal, the collision between the photons and the 

phonons causes the crystal to refract selectively a narrow wavelength band. One of the most 

important practical issues is the temperature control. The thermal heating of the crystal, resulting 

from the incident optical power, the acoustic power wave and the surrounding environment can 

be minimized by having cooled enclosure. Using a crystal with high thermal conductivity is also a 

good approach to avoid overheating [26][30][33].  

 The Fourier Transform NIR Spectrophotometer (FT-NIR) is an apparatus that produces 

a signal that has all the wavelengths encoded, so they can be measured simultaneously at a 

http://en.wikipedia.org/wiki/Wavelength
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single detector. This advantage does not occur in the dispersive type instruments .The signal is 

created by a device called interferometer. An interferometer usually consists of a beam splitter 

(consisting commonly of two prisms forming a cube) and two mirrors (one fixed and one that 

moves). The light coming from the NIR source hits the beam splitter. Part of that light is reflected 

onto the fixed mirror and the remaining radiation is transmitted to the moving mirror. The two 

beams are reflected off their respective mirrors and recombined in the beam splitter. Since the 

path of one beam is a fixed length and the other is constantly varying, the two beams interfere 

with each other. The resulting signal is called an interferogram (light intensity vs. time) and has 

information about every frequency that comes from the source. After being measured by the 

detector, the signal is send to a computer where the Fourier Transform is applied. The Fourier 

Transform is a mathematical operator that decomposes a function of time into a function of 

frequency.  It transforms the signal into the desired spectral information. There are three most 

important advantages to this spectroscopic technique: the Fellgett advantage, the Connes 

advantage and the Jacquinot advantage. The Fellgett advantage was mentioned previously and 

is the capacity of producing a signal which encodes all wavelengths. The Connes advantage is 

the possibility of performing internal wavelength calibration as part of each scanning, using a 

HeNe laser aligned with the NIR source. This can translate into a higher resolution, depending on 

the step size of the movements of the mirror. The Jacquinot advantage is referent to the higher 

throughput of light than in a dispersive-type instrument (for the same resolution). This occurs due 

to the fact that there are no slits restraining the light [26][27][33][36]. 

 A detector converts radiant energy into a measurable format. The detector can measure 

the light in different arrangements: transmittance, diffuse reflectance and transflectance. 

Transmittance is the fraction of light that passes through the sample. Diffuse reflectance is the 

multiple reflections (with different angles) at the surface of small particles. Transflectance is when 

both reflectance and transmittance are considered in the measurement. It applied the use of a 

reflector. In any case, the goal is the quantification of the absorbance. Through mathematical 

equations it is possible to relate the absorbance with the values measured in the three modes 

[32][37][38]. 

 The NIRS detectors can be divided into thermal and photon devices (also called quantum 

detectors). Thermal detectors are rarely used in most NIR analysers, but they serve as 

pyroelectric detectors in FT-NIR instruments. There are two types of photon devices: 

photoconductive and photodiode detectors. The latter can operate in photoconductive (with an 

applied voltage) mode or photovoltaic (without an applied voltage) mode. Both types are 

semiconductor devices [33]. 

 Photoconductive detectors can be made of PbS, PbSe, InSb and InAs. There is only a 

slab of the semiconductor material (normally intrinsic), to minimize the dark current (small electric 

current that flows through the detector in the absence of radiation). In this type of material there 

is an energy gap between the valence band and the conduction band. When a photon with enough 

energy interacts with an electron from the valence band, it pushes the electron to a higher energy 

state in the conduction band, where it can migrate to the electrodes. Since photon energy 
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decreases with increasing wavelength, there is a limit for the wavelength detection. The 

wavelength limit happens when the energy of the photons is below the energy gap between the 

valence and conduction band [33][39].   

 Photodiodes detectors can be made of Si, Ge and InGaAs. The latter possess a very high 

detectivity (D*, photo sensitivity, which is the output voltage per watt of incident energy, per unit 

active area of the detector) and a very high process speed. These detectors can convey a high 

Signal-to-Noise ratio (desired signal level divided by undesired noise), which partly compensates 

for the lower intensities of the NIR bands. Although Si detectors can be used, it is not advisable 

to do it. Silicon is transparent above 1100 nm, making these devices unsuitable for the detection 

of photons in these wavelengths. Photodiode detectors are constituted by a bulk n-type layer 

(intrinsic semiconductor that was doped with impurities that add free electrons, increasing the 

conductivity) and a thin p-type layer (intrinsic semiconductor that was doped with impurities that 

create electron deficiencies, also known as holes). Between the two layers, there is a region with 

few charge carriers called the depletion layer. In this layer an internal electric field (no external 

voltage is applied) is generated. This happens due to the creation of ions in the layers as a result 

of the diffusion of some electrons and holes across the layers. When photons are absorbed, 

electron-hole pairs are created. If that occurs in the depletion region, the electric field causes the 

electrons to move to the n-layer and holes to move to the p-layer, creating a measurable voltage 

at the electrodes. When operating in photoconductive mode, it is possible to linearize the external 

signal with respect to the incident radiation. The disadvantage is the appearing of dark current 

(similar to the photoconductive detector) [33][37][40][41].  

 A thermal detector has no wavelength dependency. The detection is made by sensing 

the change in temperature of an absorbing material. The pyroelectric detector uses a slice of 

ferroelectric material (DTGS, Deuterated Triglycine Sulphate) that has the molecules aligned with 

a permanent electric dipole. Typically one of the surfaces of the crystal is darkened, to improve 

thermal absorption. The incident radiation causes a change in the temperature of the crystal, 

causing a change in polarization. This translates in a modification on the surface stored charge. 

Electrodes are driven by the different charges in the surface and the bottom of the crystal, causing 

a current flow that will generate the signal voltage [33][42]. 

 

 

2.3 Multivariate Data Analysis  

 

A system can be described as the interaction between an independent variable (X) and 

its response (Y). However, the majority of systems are too complex to be described by univariate 

analysis. Due to the instrumentalization, both in industry and research, massive amount of data 

are produced by measuring many variables (or signals) on multiple samples or at multiple time 

points. In order to extract significant information from the data, it is necessary to perform a type 

of analysis that establishes a simultaneous relationship between all the different variables and 

the process state. That form of analysis is called Multivariate Data Analysis (MVDA). MVDA 
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techniques can be non-linear or linear. Due to the thesis objectives and the fact that non-linear 

techniques are less robust than linear techniques, the focus will be only on the last [3][43]. 

MVDA can be divided in three key areas: 

1. Exploratory Data Analysis 

2. Classification Analysis 

3. Regression Analysis  

Exploratory Data Analysis is used to study massive and complex data sets, aiming to 

find and identify structural patterns and unsuspected relationships between X-variables. The two 

main techniques are Principal Component Analysis (PCA) and Cluster Analysis. Cluster Analysis 

consists in conveying a cluster to objects, with the goal of performing grouping based on the 

similarities between the objects. Data points in the same cluster are more alike than those of 

different clusters [43][44][45][46].        

Classification Analysis (also called Qualification Analysis) is the sorting of new 

observations into one or more classes based on distinctive features in the data. There are two 

main approaches to Classification: Unsupervised Pattern Recognition and Supervised Pattern 

Recognition [43][44]. 

Unsupervised Pattern Recognition evaluates whether clustering exists in a certain data 

set without recurring to any prior class membership information. The results are either the 

presence of multiple clusters in the data, or all the points are within one cluster. This is useful for 

presenting the natural grouping of samples in a data set. The most common techniques used are 

Hierarchical Cluster Analysis (representation of the data in a dendrogram) and PCA [47] 

Supervised Pattern Recognition is used to predict the class of an unknown group of data 

samples, based on a training set with known class membership and defined membership limits. 

Two popular methods used are K-Nearest Neighbour (KNN) and Soft Independent Modelling of 

Class Analogies (SIMCA). The KNN assigns the unknown data to the training set with the smallest 

distance to it in the multidimensional space. The SIMCA uses PCA to construct a multidimensional 

box for each class, and by using an F-test (comparing the ratio of two variances to determine if 

they are equal) it determines to which box the unknown data belongs to [47][48]. 

Regression Analysis (often called Quantitative Analysis) is the process of developing a 

regression model between two blocks of data (X-variables and Y-variables), with the goal of 

predicting the system responses (Y-variables). There are several approaches to this type of 

modelling and can be divided in Classical Methods and Inverse Methods. Classical Methods are 

used when the system obeys to a linear relationship between the measurements and the 

responses. Inverse Methods can be used if the system is highly complex or the data lacks some 

quality. The response Y is the result of a weighed sum of the values for the different X-variables. 

Two of the Inverse Methods are Multiple Linear Regression (MLR) and Partial Least Squares 

(PLS). MLR is an extension of the Univariate Regression, when more than one response is 

employed [43][44][47]. 

MVDA can be applied in Process Monitoring, PAT, Quality Control, data mining and 

integration, composition analysis, among others [43].  
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2.3.1 Data Pre-Treatment  

 

When dealing with data of spectral nature it is necessary to remove or minimize any 

variability that is not related with the property of interest. In the case of NIRS, the primary objective 

of data pre-treatment is to correct the scaling variations and shifts in the baseline that derive from 

the light scattering effect. That scattering is caused by variations in the physical properties of a 

sample. Therefore, unless the parameter of interest is of physical nature, it is necessary to reduce 

that effect, in order to enhance the chemical properties. Additionally, data pre-treatment also helps 

to correct spectral variations due to intermolecular hydrogen bonds and due to the 

spectrophotometer hardware [2][33]. 

There are several pre-treatments that can be applied, according with the desired 

outcome. Some of the most common techniques used for NIRS are presented below. 

 

2.3.1.1 Multiplicative Scatter Correction (MSC) 

 

MSC is one of the most widely techniques for scatter and offset (baseline) correction in 

NIRS. The idea behind this method is that it is possible to remove the undesired additive and 

multiplicative effects from the spectra. This correction is achieved by regressing a measured 

spectrum against a reference spectrum, followed by the used of the slop and interception of the 

linear fit to correct the measured spectrum. There are two main equations in this two-step process: 

1. Estimation of correction coefficients: 

xorig = a0 + bref,1 × xref + e 

 

Eq. 6 

 

 

2. Correcting the recorded spectrum: 

 

xcorr =
xorig − a0

bref,1

= xref +
e

bref,1

 

 

Eq. 7 

 

 

where xorig is the original spectral data measured, a0 is the baseline offset and bref,1 is the path 

length (in the reference spectrum), xref corresponds to the reference spectrum used for the 

processing of the entire dataset, e is the residual spectrum (which represents the chemical 

information) and, finally, xcorr is the corrected spectrum. The reference can be a generic reference 

spectrum, but most frequently is the average spectrum obtained from the measured calibration 

set. The downside of this technique is the presence of spectral regions where certain chemical 

compounds exhibit strong absorption. If that occurs, the MSC parameter estimation may not be 

able to distinguish correctly between chemical absorption and physical light scattering effects 

[2][49][50][51].  



 

23 
 

2.3.1.2 Extended Multiplicative Scatter Correction (EMSC) 

 

EMSC is an expansion of the basic form of the MSC that includes new parameters to 

account for physical and chemical properties. EMSC allows the separation of physical light 

scattering effects from chemical (vibrational) light absorption, in a multi-channel system. This 

technique is particularly used when is necessary to minimize wavelength-dependent light 

scattering variation. The result is a spectrum which is insensitive to light scattering variations and 

responds linearly to chemical information. EMSC includes both second order polynomial fitting to 

the spectrum and the use of prior knowledge from the spectra of interest. Similarly to MSC, this 

is a two-step process: 

1.  Estimation of the correction coefficients: 

xorig = a0 + bref,1 × xref + d1 × λ + e1 × λ2 

 

Eq. 8 

 

 

2.  Correction of the spectra: 

 

xcorr =
(xorig − a0 − d1 × λ − e1 × λ2)

bref,1

 

 

Eq. 9 

 

 

with λ as the wavelength and d1 and e1 as coefficients that allow for unknown, smoothly 

wavelength-dependent spectral variations [49][50][52][53].   

 

2.3.1.3 Standard Normal Variate (SNV) 

 

SNV is another commonly applied method for scatter correction in NIRS. It is very similar 

to MCS, and the results obtained by both techniques are alike for many applications. The main 

difference is that it is not required to use a reference spectrum in SNV. Instead, each spectrum is 

processed on its own, not being necessary to use the entire data set. However, this technique 

can be more sensitive to noise entries in the spectrum. In practice, it can be difficult to choose 

between SNV and MSC. The best way to proceed is to try both methods and select the one that 

gives superior results [49][50][54]. 

The correction of the spectra by SNV follows a simple equation: 

xcorr =
xorig − a0

a1

 

 

Eq. 10 

 

 

in which, xcorr is the corrected spectrum, xorig is the original spectral data, a0 is the average value 

of the original spectrum and a1 is the standard deviation of that same spectrum [50]. 
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2.3.1.4 Derivatives 

 

Derivatives are a group of corrections that can be applied to remove offset and 

background slope variations. They possess the capability to remove both additive and 

multiplicative effects in the spectra. The 1st Derivative (1D) is very effective in removing the 

baseline offset variations in the spectral data. This is a useful tool to be applied when there are 

common spectral baseline offset shifts between samples. The 2nd Derivative (2D) removes both 

baseline offset shifts and differences in baseline slopes, between spectra. This results in a 

resolution improvement, with better separation of overlapping peaks and greater accentuation of 

the smaller peaks. The main downside of using derivatives as a pre-treatment is the enhancement 

of noise, which can cause the spectrum to be more difficult to interpret. This is mainly due to the 

derivation method, which is finite difference. 1D is calculated as the difference between two 

succeeding spectral points on the original spectrum and 2D is obtained by doing the same thing 

on the 1D spectrum. However, there are other types of derivation that can be less noise inflating: 

Norris-Williams Derivation (NW) and Savitzky-Golay Derivation (SG) [33][49][50][55].  

The NW derivation is used to avoid noise enhancement in finite differences. There is one 

first step of smoothing the spectra, by doing the average of a given number of points centred 

around the current point. Then, either 1D or 2D can be applied. For 1D, the difference between 

two smoothed values with a fixed gap between is calculated. For 2D, the smoothed values with a 

fixed distance on either side of the smoothed value being measured are taken [50] 

The SG follows a different approach. In order to find the derivative at a certain point, a 

polynomial is fitted over the raw data. The parameters for the polynomial are then calculated. The 

derivative of this function corresponds to the estimated derivative for the central point. This 

operation is applied sequentially to all the points in the spectrum. The polynomial degree has to 

be equal or superior to the order of the derivative. For example, to apply the 2D, a second-order 

or superior polynomial has to be used [50]. 

 

2.3.2 Model Calibration 

 

In order to extract information about the dependent variables Y from the measured data 

X, it is necessary to build a model of how Y and X are related. A good model should be a simplified 

yet complete. This means it has to be relatively easy to interpret but have enough realism and 

detail to give correct information [56].  

To build a model, firstly, it is necessary to calibrate it. Calibration can be described as 

training the model to respond in a certain way when presented with a certain type of data. The 

first step to calibrate a model is to choose a representative calibration data set to be used as 

reference. This calibration set has to be the most complete and varied possible. Then, a method 

of multivariate modelling can be used to relate the X-values and the Y-values of the reference 

set. The projection methods are a very useful tool in multivariate calibration. The most commonly 

used are Principal Component Analysis (PCA) and Partial Least Squares (PLS) [32][43].    
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2.3.2.1 Principal Component Analysis (PCA) 

 

There are certain types of data, like NIR spectra, which contain a lot of correlated 

variables. It is most advantageous for modelling to reduce the number of X-variables necessary, 

lowering the model complexity. The goal is to use just a few uncorrelated variables (containing all 

the relevant information) to describe data variability. The most widely applied method for data 

compression is Principal Component Analysis (PCA). The idea behind PCA is to decompose 

mathematically the original variables into a much smaller set of latent variables, called Principal 

Components (PCs). Those PCs are linear combinations of the original variables and account for 

the largest variations possible in the data set. The mathematical model for the PCA can be 

described by: 

X = T × Pt + E 

 

Eq. 11 

 

 

X is the data set, T is a matrix containing the Scores, P is the transpose matrix describing the 

Loadings and E corresponds to the Residuals. The Scores are the intensities (values) of each 

PC. The Loadings define how much variation in the original variables is explained by each PCs.  

The Residuals is the remaining fraction of the variation not present in the PCs [2][32][33]. 

The most popular PCA algorithm defines the Loadings for each PC as being both 

normalized and orthogonal (completely uncorrelated) to one another. The Scores are also 

orthogonal between them. The algorithm determines each PC through an iterative least squares 

process, followed by the subtraction of that component's contribution to the data. Therefore, the 

first PC contains the biggest variance in the data. Each sequential PC after is determinate in order 

to explain most of the remaining variance in the data [33][47]. 

The use of PCs helps simplify the data. However it is necessary to choose carefully the 

optimal number of PCs to be used. Using too many components can result in redundancy, 

increasing the dependency of the model in the number of samples used, and reducing its 

predictive abilities. This phenomenon is called over fitting. But using too few components can 

make the model not large enough to capture the variability in the data. When this occurs, it means 

the model is under fitted. Both effects have influence in the model error (calibration error) and in 

the estimation error (prediction error), as seen in Figure 12 [56]. 
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Figure 12  Variation of the error of model error (dotted line) and of the estimation error (dashed line) with the number of 

principal components. The black arrow indicates the ideal number of PCs to be used in the model [56] 

 

2.3.2.2 Partial Least Squares (PLS) 

 

PLS is a statistical multivariate regression method for building predictive models between 

a dependent process variable (Y) and a set of independent process derived variables (X). The 

goal of PLS is to seek a weight array (W) that maps each sample to a desired target value 

[3][54][57]. 

The base for this technique is the calculation of latent variables (or factors). Those factors 

are the result of data compression, similarly to PCs. They are calculated in order to maximize the 

covariance between the scores of X and the scores of Y. The mathematical models for the 

compression of the X-data and the compression of the Y-data (respectively) are represented in 

Eq. 22 and Eq. 13: 

X = TPLS × PPLS
t + E 

 

Eq. 12 

 
 

y = TPLS × QPLS
t + F 

 

Eq. 13 

 

in which X is the matrix of predictors, TPLS corresponds to the scores, PPLS
t  is the transpose of the 

independent data loadings, E is the residuals of X, y is the response vector, QPLS
t  is the transpose 

of the dependent data loadings and F is the residuals of y.  Using the compressed data, the PLS 

model can be expressed with a set of regression coefficients (b). That regression vector can be 

obtained by: 

b = W × (PPLS
t × W)−1 × QPLS

t  

 

Eq. 14 

 

with W describing the weight array. The model can then be applied to provide the Y-value of an 

unknown sample. This is done by multiplying the regression coefficients by the set of X-values 

[3][33][54]. 
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2.3.2.3 Error Quantification 

 

 After the calibration is completed, it is necessary to evaluate its quality. For a first 

evaluation, the correlation factor R2 can be used. A good calibration will have a correlation factor 

close to 1,0. However this method is not very trustworthy, due to its dependency on the range of 

the data used [58].  

 For a more reliable analysis, it is necessary to calculate the Root Mean Square Error of 

Calibration (RMSEC). This error is based on the residuals, which are the difference between the 

predicted data value (�̂�) and real data value (𝑦).  The model is increasingly well calibrated as the 

RMSEC value decreases. Another model fit assessment commonly used is the Standard Error of 

Calibration (SEC). SEC can be defined as the standard deviation of the predicted residuals. This 

value has to be corrected for BIAS, which can be defined as the average between the predicted 

residuals. Similarly to RMSEC, the lower the value of SEP, the better the calibration. Below are 

the equations that describe the RMSEC, the SEC and the BIAS: 

 

RMSEC =  √∑ (yî−yi)2N
i=1

N−A−1
   

 

Eq. 15 

 
 

SEC = √
∑ (yî − yi) − BIAS)2N

i=1

N − 2
 

 

Eq. 16 

 
 

BIAS =  
∑ (yî−yi)N

i=1

N
 

 

Eq. 17 

 
 

 

 

in which N is the number of data points and A is the number of Components [33][58][59]. 

 

2.3.2.4 Outlier Detection 

 

 Outliers can be described as observations that do not fit the pattern, implying that they 

are different from the rest of the data set. It does not automatically mean, however, that an outlier 

is incorrect data. An outlier can indeed be caused by an error or a problematic action, but it can 

also occur due to a relevant phenomenon to the process [33].   

 In the calibration process, having too many erroneous outliers can add disproportionately 

more error to the model. Even if they represent correct information, it has to be determined if this 

specific information really needs to be included in the model. If it is not relevant to the calibration, 

it will only increase the model error. When an outlier is detected, it is necessary to assess if this 

data point actually has some relevant information to the model or if it is just adding error. Only 

after performing that analysis, the outlier can be deleted (or not) [33].   

 However, if a calibration model has too many outliers it means that the model is being 

applied to an inappropriate data set. For example, if the model has more than half of its data 
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points with more than a two standard deviation away from the mean in Gaussian error distribution, 

it might be due to the use of the model in a improper data set [33].  

 

2.3.3 Model Validation 

  

 It is crucial to ensure that the model can predict correctly the Y-variables from the X-Data. 

The validation of the model predictive abilities can be done internally and/or externally [2].  

 

2.3.3.1 Internal Validation 

 

 Internal validation describes the use of the calibration set only to perform model 

validation. It does not require the collection of additional data for validating the model. There are 

several internal validation techniques. The most common is Cross-Validation (CV). CV is a 

validation method that involves the removal of a part of the calibration set, use of the remaining 

calibration data to build another calibration model and the prediction of the removed data using 

the new model. Then, the removed data is placed again in the calibration set and a new group of 

one or more data points is removed from the calibration data, repeating the process. This is done 

until all the data has been validated [33][59]. 

 However, it is not wise to rely only on CV and not perform external validation. The CV 

usually gives more optimistic results than the reality, due to the fact that the same data is used 

both to built and to validate the mode [33]. 

   

2.3.3.2 External Validation 

 

  External Validation consists in validating the model by using data that did not belonged 

to the calibration set, therefore it was not used to build the model. This is the type of validation 

that, in general, gives the more realistic results. If the external data is adequately representative 

of the data that will be applied to the model when implemented, then this method can provide a 

sensible assessment of the model prediction performance in the future [33].    

 

2.3.3.3 Error Quantification 

 

 One of the most important figures on evaluating the prediction abilities of a model is the 

Root Mean Square Error of Prediction (RMSEP). If the RMSEP has a low value, it means that the 

model-estimated values are close to the real measured values. Considering the error of prediction 

low or high depends vastly on the range of the data. Another indicator of a good performance of 

the predictive model is the Standard Error of Prediction (SEP). Similarly to the RMSEP, the lowest 

the value of SEP, the better its predictive work. RMSEP and SEP can be related with one another. 

On Eq. 20 is the relationship between RMSEP, SEP and BIAS [33][59]  
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 The same thing applies when performing internal validation. A low value of the Root Mean 

Square Error of Cross Validation (RMSEcv) it can be the first indicator that the model is well fitted 

and capable of correct parameter estimations. Below are the four equations describing the errors 

and its relationship:    

 

RMSEP =  √
∑ (yî − yi)

2N
i=1

N
 

 

Eq. 18 

 
 

SEP =  √
∑ (yî − yi) − BIAS)2N

i=1

N − 1
 

 

Eq. 19 

 
 

RMSEP2 = SEP2 + BIAS2 

 

Eq. 20 

 
 

RMSEcv = √
∑ (yCV,î−yi)2N

i=1

N
   

 

Eq. 21 

 

 

in which real data value (𝑦) and the predicted data value (�̂�) and N is the number of data points 

[33][58][59]. 

 

2.3.3.4 Outlier Detection 

 

 Once a model is implemented, the detection of outliers is essential. If the model is applied 

inappropriately, it can still predict plausible, yet highly inaccurate results. Therefore, when 

validating a model it is important to analyze the presence of outliers. Models should not be applied 

to data that was not represented in the calibration set [33].   

 Outliers can be removed individually or with the help of more sophisticated statistical tool. 

When dealing with very large data sets, automatic outlier detection, assessment and elimination 

is very useful. The use of histogram of prediction residuals can give a first estimation on the 

excessive (or not) presence of outliers [33].    
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3. Experimental Procedure 

 

3.1 Production Process 

 

Membrane Production in a Casting Machine is a complex process. For Casting Machine 

A1 the overall Production Process can be divided into three steps:  

1. Preparation of the Casting Solution 

2. Casting 

3. Finalization 

A Casting Solution is usually a complex mixture, which consists of 5 to 8 components. 

The mixtures used in A1 are composed of: a polymer (Polyethersulfone) which will give most of 

the membrane physical support; a second polymer (Polyvinylpyrrolidone), in much lower 

amounts; a solvent (2-Pyrrolidone); a swelling agent/co-solvent; a little amount of non-solvent 

(Isopropyl alcohol and water solution); and finally some extra additives. All these components 

need to be well-mixed. After mixing, the solution is degassed. All of these steps occur prior the 

casting process. 

  Casting is the first production step. It involves the making of the polymeric film (using a 

casting knife or a slot dye), followed by the actual membrane formation process. The process is 

called phase-inversion, and it can be done either by precipitation-casting or dry-casting mode. On 

the Casting Machine A1, the membrane formation process used is precipitation-casting. This 

process can be used to produce both symmetric and asymmetric membranes. Unlike dry-casting, 

precipitation-casting is a two-step process: the first step is called conditioning and the second is 

precipitation. On Figure 13  a graphic representation of the process is displayed. 

 

 
Figure 13  Schematic of the conditioning and precipitation steps for precipitation-casting process, with the most 

important CPPs printed in blue. 

 

CPP: CPP: 
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The most important step for membrane formation is the conditioning. Pore size, porosity 

and the overall membrane structure are defined in that step. The Casting Solution is applied to 

the Steel Belt and transported across a 3 meter long conditioning chamber. The conditioning 

chamber’s atmosphere is saturated with the non-solvent. The non-solvent diffuses into the 

polymeric film. This results in the formation of pores in the film. In this conditioning step, the 

morphology of the membrane is controlled by the following Critical Process Parameters:  

 Temperature of the Steel Belt (TBelt) 

 Volume of Gas (VGas) 

 Temperature of the Column (TColumn) 

 Residence Time of the Channel (τChannel) 

 Casting Speed (CS) 

 Amount of Casting Solution (ACS) 

 

The Temperature of the Steel Belt (°C) is the most relevant CPPs. It affects the overall 

pore size, which has an implication on the most important Critical Quality Attribute of the process, 

the Bubble Point (BP) (Figure 14). A higher TBelt improves the assimilation of the non-solvent, 

creating bigger pores. The Pore Size is directly proportional to the TBelt (an increase in the 

temperature causes an increase in the size). The Bubble Point is inversely proportional to the 

TBelt (an increase in the temperature causes a decrease in the BP). The Air-Flow (another CQA) 

is also affected by the Pore Size and, therefore by the TBelt: bigger pores will result in lower 

values of Air-Flow.   

 

 

Figure 14 Effect of increasing the Steel Belt Temperature from low temperatures (blue) to high temperatures (red) on 

Pore Size (cross view of the pore channels) and Bubble Point. The increase in TBelt, Pore Size and Bubble Point follows 

the direction of the arrows. 

 

The Gas Volume (L/h) is the amount of gaseous non-solvent (IPA/H2O) in the 

conditioning chamber, during a certain period of time. This CPP has influence in the anisotropy 

of the membrane. Through laboratory experiments it was seen that the effect was caused, not so 

much by the volume itself, but by the time of exposition of the membrane. Since at production, 

the volumes used are already high, having a certain VGas or having the double does not cause 

TBelt 

Pore Size 

Bubble Point 
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any relevant difference. However, an increase in the exposure time can increase the amount of 

membrane layers with bigger pores. On Figure 15 it is possible to see a schematic representation 

of the process. 

 

  

Figure 15 Effect of increasing the time of exposure of the film to a certain VGas (cross-view). The smaller pores are 

represented by light grey and the bigger pores are represented by dark grey. The increase exposure time follows the 

direction of the arrow. 

 

 The Temperature of the Column (°C) is the temperature of the distillation column. In 

this column the evaporation of the non-solvent takes places. The gaseous IPA/H2O mixture is 

then added to a gaseous carrier and transported from the column to the Casting Machine. Some 

laboratory experiments were conducted in which all the other parameters where kept constant, 

only changing the TColumn. Not surprising, this CPP has a similar effect to the Gas Volume: an 

increase in the TColumn causes an increase in the number of membrane layers with bigger pores.  

 The Residence Time of the Channel (min) is the time it takes for the non-solvent (with 

the carrier gas flow) to go from the Column to the Casting Machine. The gas current passes 

through a pipe (the Channel). The temperature of the Channel is usually around 3 to 5°C higher 

than the TColumn. The effect that this CPP has on the membrane is the same as the two last CPPs 

mentioned. A bigger TChannel will translate into a bigger number of layers with larger pores. 

 The Casting Speed (m/h) is the speed of the Steel Belt.  This is the main controller of 

the speed of the process, including the residence time and all the following steps of the 

Finalization part. It defines how long it takes to produce a complete membrane roll.  

The Amount of Casting Solution (kg/m2) is the flow of Casting Solution that is casted 

on the Steel Belt. It is directly related, alongside the CS, with the thickness of the membrane (one 

of the process CQAs).  Figure 16 shows a scheme of the impact of CS and ACS on membrane 

thickness.  

Almost at the end of the Conditioning Chamber the NIR sensor is placed, in order to 

predict the CQAs (Bubble Point, Thickness and Air Flux). The NIR sensor scans a “stripe” in the 

middle of the membrane (in width), as schematized in Figure 17.  

Same VGas 

Time 

Atmosphere Side 

Belt Side 
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Figure 16 Scheme of the relative impact the variation in Casting Speed and Amount of Casting Solution (CPPs) have 

on the Thickness of the membrane (CQA) 

 

 

Figure 17 Scheme of the measuring of the polymeric film by the NIR sensor. The yellow band indicates the area 

scanned by the NIR. The grey arrow indicates the direction in which the polymeric film is being transported (from the 

casting spot to the precipitation bath roll). The yellow arrow indicates the direction of the NIR reading. 

 

After the conditioning step, the film is rolled into the precipitation bath. The precipitation 

step is mostly to finalize the morphology of the membrane and to fix the structure. The only CPP 

of this part of the process is the Temperature of the Precipitation Bath (TPrecipitationBath). The 

precipitation bath consists of temperature controlled non-solvent liquid. The film is submerged 

into the bath with the main goal of fixing the structure of the polymeric film, originating a solid 

membrane. TPrecipitationBath is responsible for the pore size on the steel belt side. High TPrecipitationBath 

leads to a slower precipitation, increasing the pore size and creating a funnel-shaped pore 

morphology (Figure 18). This results in higher flow rate and membrane capacity.  

ACS 
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Membrane 
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Membrane 
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Membrane 
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Membrane 

Casting Speed 
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Figure 18 Effect of increasing the Temperature of the Precipitation Bath from low temperatures (blue) to high 

temperatures (red) on Pore Size and morphology (cross view of the pore channels). The increase in TPrecipitationBath and 

Pore Size follows the direction of the arrows. 

 

Once the precipitation step is completed, the Finalization of the membrane begins. To 

transport the recently formed membrane to the end of the process line, several rolls are used. 

The first step is extraction. This is done to remove the remaining solvent still in the membrane. In 

order to do that the membrane is rolled through a pool of liquid non-solvent (IPA/H2O). The non-

solvent can be recycled in the distillation column. The second step is rinsing. Using only water at 

room temperature, the membrane is rolled and washed, removing all the organic solvents still 

attached to its surface and in the pore structure. After completely cleaned of all chemical residues, 

the membrane is subject of drying, in order to remove the water. This is done by blowing hot air 

at the membrane, keeping it suspense between oven plates. This assures that the membrane 

does not get too hot and burns. Following the drying step is Thermo-Fixing. The goal of this step 

is to assure that the membrane is not corrupted by any stretching or contracting during its use. 

Finally, there is the Wind-up step, in which the membrane is rolled, cut and a new roll is started. 

On Figure 19 is a schematic representation of the production line, with the main steps highlighted.   

 

 

Figure 19 Schematic of the overall production process (without the Preparation of the Casting Solution Step). 

 

Each roll can have up to 180 m of membrane. Just like the CQAs, the roll size depends on 

the membrane type being produced. After every roll change, there is a sampling step of the current 

membrane being produced. The operator cuts 5 to 10 sheets from the end of the membrane roll, 

to be used in Quality Control Assessment. The operator performs a series of tests in order to 

TPrecipitationBath 

Pore Size 
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assure that the CQAs meet the specifications. This process can take a long time. If all the CQAs 

are correct, the roll is labelled, stored and is ready to be immediately used or assembled in devices 

or further processed. However, if the roll is OOS, it has to be discharged.  

Considering the immense waste of raw material and time in case of OOS production, the 

benefit of online monitoring of the CQAs becomes obvious.  

 

3.3 Membrane Referencing   

 

After the fabrication process is completed, the next step is to assure that the membrane 

has the desired quality level. For that, it is necessary to assess the membrane Critical Quality 

Attributes – that process is called membrane referencing.   

There are two types of referencing: pre-referencing and refining referencing. Pre-

referencing is performed at at-line, by the operators. Only single measurements are performed, 

which makes it faster. Refining referencing is more fastidious and the measurements are made, 

at least, in triplicates. If a measurement is not concordant with the others, it needs to be repeated.  

The CQA measurements are made using the sheets that the operator cuts upon 

membrane wind-up. Some of the measuring methods require previous sample preparation 

(Figure 20), while others are more direct 

The CQAs for Polyethersulfone membranes are: Bubble Point, Diffusion, Thickness and 

Air Flux.  

 

 

Figure 20  Workbench with tools for membrane sample preparation 

 

 The Bubble Point (BP) is the minimum pressure necessary to blow the first air bubble 

through a water-filled membrane. It is used to determine the maximum pore size present in a pore 

size distribution of a membrane [60].  

In this technique, the membrane pores are completely filled with liquid, leaving one of the 

layers in contact with air. The air pressure is gradually increased until it penetrates through the 

membrane, causing the displacement of the liquid. The Bubble-Point is measured in pressure 

units (mbar), but it is possible to relate it to the pore diameter through the following Laplace 

equation:  
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dP =
4γ cos θ

ΔP
 

 
Eq. 22 
 

 

in which γ is the surface tension, θ is the contact angle between the liquid and the membrane 

surface and ΔP corresponds to the transmembrane pressure (difference between the pressure at 

the bottom and the pressure at the top) of the membrane. This pressure corresponds to the 

bubble-point [17][60]  

The Bubble-Point can be measured with a manual measurer or an automatic one 

(Sartocheck® 3 plus). Both instruments can be used in pre-referencing (Figure 21). The manual 

apparatus is faster, which is advantageous for quick measurements. In refining referencing, only 

Sartocheck® 3 plus is used, due its higher accuracy. However, both require sample preparation: 

a circle has to be cut from the membrane sheet (bigger for Sartocheck® 3 plus and smaller for 

the manual apparatus), due to the circular shape of the sample carrier.  

 

 

Figure 21  Left image: Sample carrier and Sartocheck 3 plus, for Bubble Point measuring; Right image: manual 

apparatus for Bubble Point measuring. 

 

Diffusion is the value of the diffuse air flow (mL/min) at the Bubble Point. When a 

pressure is applied to a water filled membrane, the air surrounding upstream side is starts to 

diffuse through the membrane. As the pressure increases, the diffuse air flow increases as well. 

This causes the liquid in the pores to be progressively pushed out of the air flow pathway. At BP 

pressure, the air can flow through the membrane without any water resistance.     

Like Bubble Point, Diffusion can be measured in the Sartocheck 3 plus (Figure 21).  

Thickness is the measurement of the membrane height (μm), caused by the number of 

layers within it. This parameter is related with the membrane proneness to break. If the membrane 

is too thin it will be more fragile and easy to break. On the other hand, increasing excessively the 

thickness may lead to the formation of undesirable extra layers.  

A simple and quick way to measure the Thickness is to use a calliper (Figure 22).  

Air Flux is the volume of air that passes through an area of the membrane, during a 

certain time (L/(m2.s)). The membrane has a specific resistance to the air passage, depending on 

its structure. This can be related with the membrane permeability. 
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To assess the Air Flux, a specific measuring machine, like the Frank-PTI Line Bendtsen 

can be used (Figure 22).   

 

 

Figure 22  Left image: Hahn+Kolb calliper for Thickness measuring; Right image: Frank-PTI Line Bendtsen for Air Flux 

measuring.  

 

For a more detailed assessment of the membrane morphology, other techniques like 

electron microscopy can be applied [9]. 

On Appendix A - Table 13 there is a small description of the functioning mode of the 

apparatus used.  

 

 

3.3 Data Acquisition  

 

3.3.1 Membrane types 15427 – EP and A5427 

 

In order for a model to be able to predict correctly the desired CQA, it is necessary for the 

model to “know” all the possible variations in the process. Those variations are caused by the 

CPPs. To obtain the most variation in the data, the solution is to construct a set of selected 

experiments in which all the factors vary simultaneously. This approach is known as Design of 

Experiments (DoE).  

Several DoEs were performed previously to obtain the data for modelling some 

membrane types. The execution of a DoE requires the exclusive use of the production line, 

stopping the normal membrane producing schedules. And, since the goal is the production of 

statistically relevant deviations in the CQAs for model building, the membranes produced are 

mostly OOS and have no commercial value. Therefore, using a DoE is reasonable only when the 

membrane types are commonly produced. 
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However, the membrane types 15427 – EP and A5427 are fabricated merely once or 

twice a year. The amount produced does not justify the use of a DoE. Taking that in consideration, 

a different strategy was required to produce data for the model building.  

A day of production for each membrane types 15427 – EP and A5427 was scheduled at 

the casting line. Some CPPs were allowed to be changed, originating the desired variation in the 

data, but they could never have values that would push the CQAs to be OOS (since the 

membranes produced needed to have the correct specifications for being commercialized). The 

strategy used was the following:  

- Firstly, using the software MODDE, a map with unitary variations was created for each 

membrane type. The goal was to have variations for the different CPPs with trends that 

were not correlated.   

- Knowing the ranges that had to be respected, the two maps were corrected with the 

real settings that each roll produced would have.  

- Due to some problems in the Casting Machine, was not possible perform all the planned 

variations. On Appendix BI - Table 14 and Appendix BII - Table 15 are two tables with 

the settings that had rolls produced.  

- Some rolls were produced, whose settings are not in the tables. The reason for that is 

that they were made while the production was not in spec.  

- Samples of all the rolls were collected (even the OOS rolls) and used for membrane 

referencing. To each group of samples, a Time Stamp was attributed.   

- The NIR measurements and were made using the software SX-Center (from NIR 

Online). A corrected Time Stamp was attributed to each scan. The software then allows 

the exportation of the spectral data. 

- Finally it is necessary to connect the assessed CQAs with the correct NIR 

measurement. This is done by matching the samples Time Stamps with the NIR Time 

Stamps.  

- After matching the information, two sets of data were obtained: one for membrane type 

15427-EP and the other for membrane type A5427. The next step was model building, 

using the software SX-Plus (from NIR Online). The final results can be consulted in 

chapter 4 – subchapter 4.1.   

 

3.3.2 Membrane type 15407 

 

The model for this membrane type had been done previously. It had the EMSC pre-

treatment applied and was built with 3 Principal Components. The model was then updated with 

the complete data from the year 2014, having a total of 1810 points. All the NIR measurements 

were made with SX-Center and the building and validation of the model were both done with SX-

Plus. The final results can be consulted in chapter 4 – subchapter 4.2.   
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3.3.3 Steel Belt Temperature 

 

For this final part of the work, the data used was also referent to production of membrane 

type 15407 in the year 2014. The first step was matching the various Steel Belt Temperatures 

with the NIR data points from the Casting Machine. Since they all have a NIR Time Stamp 

associated, it was only a matter of finding the machine settings with the closest date to the Time 

Stamps.  

Next step was gathering the NIR data from a NIR probe placed between the Mixing Tanks 

and the Casting Machine. The probe’s data is only referent to the Casting Solution, without any 

influence from the CPPs on the production line. The data points were chosen by matching their 

time label with the NIR Time Stamp. The data had a format that could not be opened by any of 

the usual calibration software. The software OPUS 7.0.122 (from Bruker) was used to open the 

files and convert them to MAT format. With that file format it was then possible to open them on 

Matlab R2011a. Since the files were imported separately, it was necessary to organize them 

together. With a few lines of Matlab code it was possible to join all the data in one table and 

convert it to OOXML format (Excel spreadsheet).   

Since the software used for the NIR measurements of the probe was not SX-Center, the 

data cannot be modelled with SX-Plus. Instead, the software SIMCA 13.0 (from Umetrics) was 

used for modelling both with the Casting Machine and the Casting Solution NIR data. The final 

results can be consulted in chapter 4 – subchapter 4.3. 

 

3.4 NIR Spectrophotometers 

 

3.4.1 NIR Sensor (Casting Machine) 

 

The NIR sensor placed at the Casting Line is a BioPat® Spectro, produced by Sartorius 

Stedim Biotech GmbH (Appendix C - Figure 71). This diffuse reflectance optical analyzer 

features an array of detectors for VIS and NIR spectra. The NIR covered range is between 950 

nm and 1750 nm and takes a new measurement each 10 ms. The light source is of the tungsten 

halogen type and the detector is a diode array (Figure 23). The optical measuring surface has a 

diameter of 20 mm. The sensor dimensions are  220 x 220 x135 mm. It is very resistant, with a 

good tolerance to a wide range of temperatures (works from -10°C to 40°C) [61].  
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Figure 23  Measurement scheme of the BioPAT® Spectro [7] 

. 

3.4.2 NIR Probe (Before Casting Machine) 

 

The NIR Probe placed in the pipe connecting the Casting Machine and the Casting 

Solution Storage Tanks belongs to the MATRIX-F FT-NIR Spectrometer system (Appendix C - 

Figure 72), manufactured by Bruker. The measuring range is between 1000 and 2500 nm. It is 

programmed to take new spectra each 4 minutes. This transflectance instrument uses state-of-

the-art optics for improved sensitivity and stability in a compact module. Its innovative design 

provides consistent high quality results, less downtime and direct methods transfer [62]. 

 

 

 

 

 

 

4. Data Analysis  

 

4.1 Model Building for Membrane type 15427 - EP and 

A5427 

 

 The online prediction of the CQAs of the membrane requires the finding of the link 

between the NIR spectra and the CQAs. This is done with the help of MVDA models. The two 

membrane types considered (15427 - EP and A5427) differ by the specified BP range. Membrane 

type 15427 – EP has a Bubble Point between 2,4 and 3,1 bar and membrane type A5427 has a 

Bubble Point between 3,0 and 3,5 bar. However, since they do not differ in chemical composition, 

combining the data might be feasible. The following sub-chapters compare the independent 

models for the two membrane types to the combined model. 
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4.1.1 Membrane type 15427 – EP 

 

The two most important steps of model generation are choosing an adequate pre-

treatment for the data and define the number of Principal Components. The pre-treatment is 

dependent on the type of data used. For this kind of spectral data, the EMSC is a good choice. 

To know the adequate number of Principal Components should be used in order to obtain the 

better model, the Loadings and Regression graphics can be consulted. The Loadings (Figure 24) 

show that 4 PCs can be used. However, the third and fourth PCs are capturing a great amount of 

noise, which could negatively affect the model. The Regression (Table 2) shows the increase of 

the value for the highest band from 2 to 3 PCs and from 3 to 4 PCs. This means that, despite 

capturing a lot of noise, this PC still contains some useful information. The model was built with 4 

PCs. The total points used was 36. 

 

 

Figure 24  Left image: Graphic representation of the Loadings for the first four Principal Component (PC1 – green, PC2 

– yellow, PC3 – red, PC4 – blue); Right image: Graphic representation of the Loadings for the third and fourth Principal 

Component (PC3 – red, PC4 – blue). 

 

 

Table 2  Values for the Regression at 1460 nm (highest band) for the different Principal Components 

 

 

 To see how well the model fits the data, the Predicted vs. Observed graph (Figure 25) 

can be analysed. In this graph the actual Bubble Point values (Observed) are plotted against the 

predicted values. The model is well calibrated, with a low SEC (0,08 bar) and a good fitting of all 

the points.  

   

Number of PCs Value at 1460 nm

1 0,03476

2 0,03267

3 0,03535

4 0,04030

5 0,02724
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Figure 25  Graphic representation of the Predicted vs. Observed, for the PLS model built with 15427 - EP data. The 

model was built using 4 PCs and it has SEC=0,08 bar and R2Cal= 0,911. The green points are within one standard 

deviation (1SD) and the yellow points are within two standard deviations (2SD). 

 

4.1.2  Membrane type A5427 

 

Similarly to what was done before, in order to build a model for this membrane, the first 

step is to define the pre-treatment. Once again, EMSC was the one applied (since it is the most 

suited for this type of data). Then, it is necessary to define the number of Principal Components, 

by analysing the Loadings (Figure 26) and the Regressions (Table 3). The Loadings show that 

the first two PCs do not capture much noise, but the third one does. Consulting the Regressions 

it can be seen that, in this case, the captured noise does not contain helpful information. The 

model was built with 2 PCs.  

 

 

Figure 26  Left image: Graphic representation of the Loads for the first two Principal Component (PC1 – green, PC2 – 

yellow); Right image: Graphic representation of the Loadings for the third Principal Component. 
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Table 3  Values for the Regression at 1180 nm (highest band) for the different Principal Components 

 

 

The Predicted vs. Observed (Figure 27) shows a good fit of the data. The error of 

calibration is of 0,05 bar, which is quite low, meaning the model is well-calibrated. The total 

number of points used was 19. 

  

 

Figure 27  Graphic representation of the Predicted vs. Observed, for the PLS model built with A5427 data. The model 

was built using 3 PCs and it has SEC=0,05 bar and R2Cal= 0,922. The green points are within 1SD and the yellow 

points are within 2SD 

 

4.1.3  Complete Model (15427 – EP + A5427) 

 

When observing the spectra for the 14527 – EP (Figure 28) and for the A5427 (Figure 

28) it is possible to see that they both are quite similar. They both have the same two sharp peaks 

at 1175 nm and 1490 nm and the overall structure is quite the same. On Figure 29 both the 

spectrum for 15427 – EP and the spectrum for A5427 are represented simultaneously. A pre-

treatment (EMSC) was added to the data.  It is very clear that there is a perfect match between 

the two spectra.     

 

Number of PCs Value at 1180 nm

1 -0,01147

2 -0,01209

3 -0,01174
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Figure 28  Left image: Spectra of the membrane 15427 - EP. Right image: Spectra of the membrane A5427. Both 

spectra were measured between 1050 and 1650 nm. 

 

 

Figure 29  Spectra of both the membrane 15427 – EP and A5427. The Spectra was measured between 1050 and 1650 

nm. The applied pre-treatment was EMSC. 

 

This indicates that both membrane types are produced with the same parameters: the 

only difference between them is the Bubble Point. Membrane 14527 – EP has a low BP (3,4 – 

4,1 bar) and membrane A5427 has a high BP (4,0 – 4,5 bar). Since BP is the only thing that 

distinguishes them, the data from both membranes can be combined and a more complete model 

can be built. This combined Model will have bigger spectral variations that correlate with the 

varying BP, thus being able to perform better prediction than the separated models. 

The number measurements used was 53 (the total data from 15427-EP and A5427). 

Applying the same criteria as before for choosing the number of Principal Components, the result 

was a PLS model with 4 PCs. The Predicted vs. Observed (Figure 30) shows a good calibration, 

with a SEC of 0,07 bar. The Residuals graph (Figure 31) shows a good dispersion of the points.  
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It was performed Cross-Validation (leave-four-out) to have a surface analysis of the 

prediction capacity. The SECV is of 0,08 bar (Figure 30), meaning the model can probably predict 

correctly unknown data. To confirm if the prediction capacity is indeed good (since Cross-

Validation is usually more optimistic than reality), it would be necessary to perform external 

validation. However, that is not possible for now, since there is not enough data to achieve a 

relevant validation.  

 

 

Figure 30  Graphic representation of the Predicted vs. Observed, for the PLS model combining the 15427 – EP data 

with the A5427 data. The model was built using 4 PCs and it has SEC=0,07 bar, SECV= 0,08 bar,  R2Cal= 0,957 and 

R2CVal= 0,944. The green points are within one standard deviation (1SD), the yellow points are within two standard 

deviations (2SD) and the red points are within three standard deviations (3SD). 

 

 

Figure 31  Graphic representation of the Residuals, for the PLS model combining the 15427 – EP data with the A5427 

data. The green points are within 1SD, the yellow points are within 2SD and the red points are within 3SD. 
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4.2 Model Validation for Membrane type 15407 

 

In the production of membranes, various combinations of raw material lots are used. The 

models, however, do not account for those raw material variations. Therefore, their impact in the 

predictions is quite unknown. This raises a series of questions: 

 PESU and PVP are the two types of raw materials used. It is the combination of 

their lots that gives variation. Does the variation of one of them have a bigger 

impact than the other or not at all?   

 New raw material lots are constantly being used. However the models for 

prediction do not have that new data in the calibration set. Can the models be 

able to predict with this unknown data? 

 If indeed the prediction capacity is limited by the knowledge of the new raw 

material lots, adding new samples of those lots should solve the problem. But 

how many samples should be added? 

To investigate this, the data and model for the membrane type 15407 will be used. This 

is one of the most produced membranes (creating a lot of data) and is the one used for raw 

material testing (having lots of raw material variations in the data). The Bubble Point for this 

membrane is between 2,4  and 4,6. 

The lots of PESU and PVP used to produce the membrane type 15407 can be seen in 

Table 4. 

 

Table 4  Table with the different lots of PESU and PVP for membrane type 15407 

Months PESU PVP ID Size 

January & February 95726267J0 52298613 A 34 

March 99078067J0 52298613 B 156 

April, May & June 98664467J0 52305743 C 142 

June & July 90997367J0 52305743 D 269 

August 90997367J0 1563329 E 44 

August 30067467JO 1563329 F 37 

August 18652567J0 1563329 G 55 

August 93858367J0 1563329 H 74 

August 93858367J0 1563331 I 68 

September 93858367J0 1563329 J 123 

September 11851733 1563329 K 36 

September 93858367J0 1563329 L 129 

September 74349367J0 1563329 M 45 

September 93858367J0 1563329 N 91 

September 95098867J0 1563329 O 47 

October 57476988Q0 1563329 P 43 

October 95098867J0 1563329 Q 68 

November 95098867J0 1563331 R 88 

November 76406324U0 1563331 S 30 
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November 27965016K0 1563331 T 39 

December 94689267J0 1563331 U 140 

December 95098867J0 1563331 V 52 

 

There are a total of 14 lots of PESU and 4 lots of PVP. For each group (“combination” of 

a different lot of PESU with a different lot of PVP), a new letter ID was assigned. The total number 

of data points was 1758. 

 Before starting any sort of modelling, it was necessary to analyse the spectra. This was 

made in order to verify if there was any difference in the spectra caused by the variations in the 

raw material lots. Observing Figure 32 it is possible to see that there is no significant shift in the 

spectra that might be associated to the raw material differences.  

 

 

Figure 32  Spectra of the membrane 15407, measured between 1050 and 1650 nm. 

 

4.2.1 Variation Influence: PESU vs. PVP  

 

The first step was to evaluate if the differences in the PESU lots had more, less or the 

same influence than the ones in the PVP. Since A and B have the same type of PVP but different 

types of PESU, a calibration was done using A, and the validation using B. For this PLS model, 2 

PCs were used. The Predicted vs. Observed and the Residuals graph (Figure 33) show that 

predicted points are alongside the calibration ones. The obtained SEC was 0,0765 bar and the 

SEP was 0,0858 bar. Since the error of calibration and the error of prediction are low and quite 

similar, it can be concluded that the model could predict data with a lot of PESU different from the 

one it was calibrated with. However, this may only occur due to random similarities between the 

two PESU lots. 
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Figure 33  Left image: Graphic representation of the Predicted vs. Observed, showing the calibration using B and the 

validation using A, for 2 PCs; Right image: Graphic representation of the Residuals, with SEC=0,0765 bar; SEP=0,0858 

bar; R2Cal=0,959 and R2Val=0,378. The green points are within one standard deviation (1SD), the yellow points are 

within two standard deviations (2SD), the red points are within three standard deviations (3SD) and the blue points are 

within four standard deviations (4SD). 

 

A new PLS model was created, this time using sets with the same PESU but different 

PVP lots. The calibration was done using set D and for the validation set E was chosen. The 

model was created using 2 PCs. Once again it can be seen in the Predicted vs. Observed and in 

the Residuals (Figure 34) that it is possible to have a good prediction (with a SEC of 0,0773 bar 

and a SEP of 0,0575 bar) using two different types of PVP.  

After repeating the same process with more combinations of PESU and PVP lots 

(Appendix D. - Table 16), it can be concluded that the PESU and PVP lot variations have similar 

impacts on the prediction capabilities of the models.  

 

 

 

Figure 34  Left image: Graphic representation of the Predicted vs. Observed, showing the calibration using D and the 

validation using E, for 2 PCs; Right image: Graphic representation of the Residuals, with SEC=0,073 bar; SEP=0,0575 

bar; R2Cal=0,950 and R2Val=0,222. The green points are within 1SD, the yellow points are within 2SD, the red points 

are within 3SD and the blue points are within 4SD. 
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4.2.2. Asserting the Model’s Robustness  

 

The second step was to assess if it is possible to increase the robustness of the models 

by including more raw material variations to the calibration sets. There were two ways to carry 

out the validation: following a time scale, performing the calibration using data only data previous 

to the group being predicted; or using all the data for calibration, leaving out only the group being 

predicted. 

For the first validation method (following the time scale), 3 PLS models were made, each 

with increasingly more data in the calibration set. The number of Principal Components was 

defined as mentioned before. Those models were then validated using different sets with different 

characteristics (having the same lot of PESU and PVP as the calibration, or only one of them or 

neither). In Table 5 are presented the results obtained. 

For the second validation method (using all the data, leaving out the prediction) 6 PLS 

models were made. Each model was built with 4 PCs. The groups predicted were chosen in order 

to obtain predictions spaced throughout the year. The results can be seen in Table 6   

Looking at the results by both validation methods, is possible to see that all the SECs and 

the SEPs obtained are low. The values are within a range of 0,0620 - 0,0701 bar (for SEC) and 

0,0430 - 0,1419 bar (for SEP), which is perfectly acceptable when working with a BP range of 2,4 

- 4,6 bar (2,2 bar). This statement is further confirmed when consulting the histogram, in Figure 

35. It follows the expected Gaussian shape, with almost 85% of the values within the 1SD, which 

is the desired outcome. The predictions obtained using all the groups (except one) in calibration 

are only slightly better than the "time scale" validation. This indicates a strong robustness of the 

models, which might be translated into the models do not needing to be updated very regularly.   

The conclusion (and the answer to the second question) is, yes, the models are able to 

predict the BP correctly when using new and unknown raw material lots.  

In order to answer the last question, the three groups with the highest SEP (in bold on 

Table 5) were chosen to be used in the robustness improvement study.  
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Table 5  “Characteristics” and values of SEC, SEP and R2Cal for the different models made using the time-scale 

approach. The bold indicates the groups with the three highest SEP (and the respective values) 

 

 

Table 6  “Characteristics” and values of SEC, SEP and R2Cal for the different models made with the "leave-one-out" 

validation  

 

 

 

Figure 35  Histogram of prediction residuals of some models, showing a Gaussian shape. The x-axis is the residuals 

and y-axis is the frequency 

 

 

Model Calibration set ID Validation set ID Number of PCs SEC SEP R2 Cal R2 Val

1 A and B C 3 0,0701 0,1143 0,963 0,404

1 A and B D 3 0,0701 0,0710 0,963 0,235

1 A and B E 3 0,0701 0,0648 0,963 0,177

2 A,B,C,D and E F 4 0,0621 0,0850 0,951 0,034

2 A,B,C,D and E G 4 0,0622 0,0787 0,951 0,001

2 A,B,C,D and E H 4 0,0622 0,0590 0,951 0,059

2 A,B,C,D and E I 4 0,0623 0,0583 0,951 0,087

2 A,B,C,D and E J 4 0,0621 0,0767 0,951 0,032

2 A,B,C,D and E K 4 0,0621 0,0804 0,951 0,005

2 A,B,C,D and E L 4 0,0621 0,0705 0,951 0,359

2 A,B,C,D and E M 4 0,0623 0,0721 0,951 0,534

2 A,B,C,D and E N 4 0,0621 0,0633 0,951 0,495

2 A,B,C,D and E O 4 0,0621 0,0671 0,951 0,298

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O P 4 0,0624 0,1157 0,924 0,038

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O Q 4 0,0620 0,0581 0,925 0,453

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O R 4 0,0624 0,1419 0,924 0,244

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O S 4 0,0620 0,0765 0,925 0,035

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O T 4 0,0620 0,0852 0,925 0,598

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O U 4 0,0623 0,0956 0,924 0,208

3 A,B,C,D,E,F,G,H,J,K,L,M,N and O V 4 0,0620 0,0430 0,925 0,012

Model Calibration set ID Validation set ID Number of PCs SEC SEP R2Cal R2Val

4 All \ A A 4 0,0615 0,0849 0,909 0,391

5 All \ B B 4 0,0618 0,0694 0,913 0,176

6 All \ C C 4 0,0620 0,1042 0,912 0,529

7 All \ P P 4 0,0613 0,1170 0,910 0,029

8 All \ R R 4 0,0609 0,1410 0,913 0,247

9 All \ U U 4 0,0619 0,0961 0,912 0,212
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4.2.3 Improving the Model’s Robustness  

 

The data set C has a total of 98 points. For Model 1, the first approach was to ass 

approximately half of the data to the calibration (50) and use the other half for validation (48). The 

SEP lowered from 0,1143 bar to 0,0662 bar as a result. The next step was to find the minimum 

amount of data necessary to add to the calibration to cover the variations of the new raw material. 

Removing 29 points for calibration (leaving 69 points for validation), it was obtained a SEP of 

0,0966 bar, which in this case is the best value for the error with the least amount of data in the 

calibration set. On Figure 36 is possible to see the Predicted vs. Observed graphics for both 

situations.   

 

 

Figure 36  Left image: Graphic representation of the Predicted vs. Observed, showing the calibration using A,B and 48 

points of C and the validation using 50 points of C, for 3 PCs, with SEC=0,0695 bar; SEP=0,0662 bar; R2Cal=0,960 and 

R2Val=0,415; Right image: Graphic representation of the Predicted vs. Observed, showing the calibration using A,B and 

29 points of C and the validation using 69 points of C, for 3 PCs, with SEC=0,0692 bar; SEP=0,0966 bar; R2Cal=0,962 

and R2Val=0,622. On both situations the green points are within 1SD, the yellow points are within 2SD, the red points 

are within 3SD and the blue points are within 4SD. 

 

The same thing was done for Model 3. The data set R has a total of 63 points. Adding the 

same number of points to calibration (29), that leaves out 34 points for validation. Once again, 

this decreased the SEP (from 0,1419 bar to 0,0598 bar). However, in this case, that is not the 

minimum amount of data necessary. Adding only the first 5 points for calibration (leaving 58 points 

for validation) it was possible to obtain a SEP of 0,0729 bar. The Predicted vs Observed graphics 

for both cases are showed in Figure 37.   
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Figure 37  Left image: Graphic representation of the Predicted vs. Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 29 points of R and the validation using 34 points of R, for 4 PCs, with SEC=0,0623 

bar; SEP=0,0598 bar; R2Cal=0,923 and R2Val=0,215; Right image: Graphic representation of the Predicted vs 

Observed, showing the calibration using A,B,C,D,E,F,G,H,J,K,L,M,N,O and 5 points of R and the validation using 58 

points of R, for 4 PCs, with SEC=0,0620 bar; SEP=0,0729 bar; R2Cal=0,925 and R2Val=0,110. On both situations the 

green points are within 1SD, the yellow points are within 2SD, the red points are within 3SD and the blue points are 

within 4SD. 

 

 The data set P contains 31 points. Considering the previous example, 5 points were 

added to the calibration set and the remaining 26 points were used for validation. There was only 

a small decrease in the prediction error (from 0,1157 bar to 0,1079 bar), which means that is 

necessary to use more points for calibration. Adding approximately half of the data (15) to the 

calibration set and the other half (16) to the validation set, actually caused an increase in the SEP 

(the value is now 0,1200 bar). With 29 points on the calibration and only 4 points on the validation, 

the error of prediction did not decrease (SEP=0,1861 bar). On Figure 38 and Figure 39 it is 

possible to see the Predicted vs. Observed graphics for the three situations, respectively.  
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Figure 38  Left image: Graphic representation of the Predicted vs. Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 5 points of P and the validation using 26 points of P, for 4 PCs, with SEC=0,0624 

bar; SEP=0,1079 bar; R2Cal=0,924 and R2Val=0,120; Right image: Graphic representation of the Predicted vs 

Observed, showing the calibration using A,B,C,D,E,F,G,H,J,K,L,M,N,O and 15 points of P and the validation using 16 

points of P, for 4 PCs, with SEC=0,0624 bar; SEP=0,1200 bar; R2Cal=0,923 and R2Val=0,204. On both situations the 

green points are within 1SD, the yellow points are within 2SD, the red points are within 3SD and the blue points are 

within 4SD. 

 

 

 

Figure 39  Graphic representation of the Predicted vs Observed, showing the calibration using 

A,B,C,D,E,F,G,H,J,K,L,M,N,O and 29 points of P and the validation using 4 points of P, for 4 PCs, with SEC=0,0624 

bar; SEP=0,1861 bar; R2Cal=0,923 and R2Val=0,035. The green points are within 1SD, the yellow points are within 

2SD, the red points are within 3SD and the blue points are within 4SD. 

 

 It is not possible to define an “ideal” number of samples to be added in order to increase 

the model’s robustness. It depends on the impact that the new raw material variations have. A 

good way to do this is to have a more practical approach at the Casting Machine. When a new 

raw material lot arrives to the production line, a membrane is produced and the NIR sensor 

captures that spectral data. The implemented model will predict a value of BP, which has to be 
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compared with the measured reference. If the values are similar, it means that the model is still 

working correctly. If the values are quite different, it is necessary to update the model. This is 

done by new samples to the calibration set until the values are close again. Although some raw 

material lots might not work no matter how many samples are added (which happened for the 

prediction of P), the general result is quite positive.    

The raw material lots influence the Bubble Point prediction. One of the most important 

factors affecting the Bubble Point is the Steel Belt Temperature. So, one question can be asked: 

is the variation in raw material lots influencing the Steel Belt Temperature?  

 

4.3 Prediction of the Steel Belt Temperature 

 

Every time a new lot is used, the Steel Belt Temperature must be adjusted. This is done 

by trial-and-error: the stating Machine Settings used are the same as the last raw material lot. 

Then they are progressively adjusted until the membrane stops being OOS. The consequences 

are a huge waste of time and raw material. A way to minimize this would be to build models that 

could predict the Steel Belt Temperature of a new raw material lot.  

 

4.3.1 Model for the Casting Machine 

 

For the evaluation of the optimal Steel Belt Temperature (TBelt) predictability, 220 

samples of the different combinations of PESU and PVP lots were selected. It was then necessary 

to perform a data reduction to this set, using the Bubble Point as criteria. The average and 

standard deviation of the entire set of BPs were calculated. Every sample with a BP outside of 

the range of 1SD would be eliminated. This guarantees that the models constructed would only 

use the values of TBelt that originate optimal BPs.     

Firstly, a model was built, with a total of 6 PCs. The model has the absorbance set as the 

X variable and the TBelt as the Y variable. After applying PLS, a Score plot was created. Analyzing 

in more detail the Score plot for the model (Figure 40) it can be seen that the points are quite 

spread. However there is a tendency for grouping according to the TBelt. There are three major 

groups: Low temperatures (blue circumference), medium temperatures (green circumference) 

and high temperatures (orange circumference). The existence of a tendency according to the 

temperature means that the TBelt is, probably, a factor of influence in the data. However, it is not 

certain that the NIR sensor is not working as a heat-sensor, just reading the TBelt and not 

predicting it.  

 The next step was to define an adequate pre-treatment.  Both the SNV and the 2nd 

Derivate can be applied in this case. With the 2nd Derivative, better results (better grouping of the 

data points) were obtained than with the SNV. In the Score plot for the 2nd Derivative (Figure 41) 

it can be observed an improving in the grouping of the data according to the TBelt. 
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 The Observed vs. Predicted graph (Figure 42) shows the real values of the TBelt against 

the ones predicted by the Model. It is possible to see a certain tendency for points with the same 

group ID to stay closer to each other. However, there are some points which vary from the TBelt 

overall trend, indicating that one major influence factor is not being covered by the data set.    

 

 

Figure 40  Score plot for the PLS model built from the data collected at the Casting Machine for membrane type 15407. 

The Steel Belt Temperature is identified by colours: blue is the lowest temperature (17,6°C) and orange is the highest 

(21,1°C). The different raw material lot combinations are labelled with their respective group letter ID. The three major 

groupings (high, medium and lower temperature) are defined by a circumference of a different colour (orange, green 

and blue, respectively) 

 

 

Figure 41  Score plot for the PLS model built from the data with the 2nd Derivative applied. The Steel Belt Temperature 

is identified by colours: blue is the lowest temperature (17,6°C) and orange is the highest (21,1°C). The different raw 

material lot combinations are labelled with their respective group letter ID. The three major groupings (high, medium and 

lower temperature) are defined by a circumference of a different colour (orange, green and blue, respectively) 
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Figure 42  Graphic representation of the Observed vs. Predicted, with RMSE=0,2685°C, RMSEcv=0,3832°C and 

R2=0,913. The PLS model was built with 6 PCs, using NIR data from the Casting Machine, with the 2nd Derivative 

applied. The different raw material lot combinations are labelled with their respective group letter ID. The different 

colours match the different group IDs.  

 

 So far, it has been seen that the different raw material lots and the different Steel Belt 

Temperatures affect the spectral data. But how exactly is the raw material variation affecting the 

optimal Steel Belt Temperature? And most importantly: due to its location, it should not be 

excluded the possibility of the TBelt being measured with the NIR and not really being predicted; 

this means that the model is being based on the readings of the Steel Belt Temperature and not 

on the raw material variations. Is it possible to prove that the model is predicting based on the 

raw material variations and not the TBelt?  

 

4.3.2 Model for the “Pure” Casting Solution 

 

 In order to find answers to the previous questions, the first step was to obtain the matching 

data from the NIR of the Casting Solution before being casted. This sensor is placed in the pipe 

connecting the Casting Solution Storage Tanks and the Casting Machine. These measurements 

do not contain any information related with the TBelt. For optimal comparison, the same time 

points as evaluated in the previous chapter (from the Casting Machine) are now employed for the 

evaluation of the pure Casting Solution (PCS). However, some PCS data was missing (likely due 

to shut down of the instrument), thus a few groups are missing (Table 7) in comparison with the 

CM data. The total number of PCS measurements was 141.     
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Table 7  Table with the different lots of PESU and PVP for the “Pure” Casting Solution. The letters in bold are the group 

ID and the letters separated by / mean that they have the same type of PESU and PVP. 

PESU PVP ID 

95726267J0 52298613 A 

99078067J0 52298613 B 

98664467J0 52305743 C 

90997367J0 52305743 D 

90997367J0 1563329 E 

30067467J0 1563329 F 

93858367J0 1563331 I 

93858367J0 1563329 J 

11851733 1563329 K 

93858367J0 1563329 L/J 

74349367J0 1563329 M 

93858367J0 1563329 N/L/J 

95098867J0 1563329 O 

57476988Q0 1563329 P 

95098867J0 1563329 Q/O 

95098867J0 1563331 R 

76406324U0 1563331 S 

27965016K0 1563331 T 

94689267J0 1563331 U 

95098867J0 1563331 V/R 

    

 To improve the quality of the data used in the model, the obtained Spectra (Figure 43) 

should be analysed. Bands with high absorvances should be taken in consideration: they might 

be a sign that the NIR is saturated. That means those bands correspond to a point in which there 

is no longer a linear relation between the increasing absorption and the detector response. For 

example the large band starting from 2050 nm showed  a high absorbance (above 2,5). Beside 

the high absorbance, the band shape indicates the presence of artifical spectral artefacts not 

originating from sample properties. A second peak (starting at 1850 nm) showed  high absorbance 

values as well (above 1,5). However the band shape does not indicate spectral artefacts, although 

the linearity of the detectors response is still questionable. As a result of these considerations two 

PCA-X were performed: one with data until 2000 nm and the other with data until 1800 nm.   
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Figure 43  Spectrum of the “Pure” Casting Solution, measured between 1000 and 2200 nm.  

 

Observing the Score plot for both PCA-X (Figure 44) there is almost no difference 

between both situations. This means that the band cut at 1800 nm does not contain any relevant 

information for the model. When looking at the Score plot for the PCA-X with the 2nd Derivative 

applied (Figure 45) there is little difference. The plot on the right (cut at 1800 nm) has a slighty 

better grouping and that model was chosen to be used. However it would be perfectly reasonable 

to use the model with a cutoff at 2000 nm.   
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Figure 44  Left image: Score plot for the model built with the data cut at around 2000 nm. Right image: Score plot for 

the model built with the data cut at around 1800 nm. Each model has 2 PCs. The colours correspond to each ID group. 

 

 

 

Figure 45  Left image: Score plot for the model built with the data cut at around 2000 nm and with the 2nd Derivative 

applied. Right image: Score plot for the model built with the data cut at around 1800 nm and with the 2nd Derivative 

applied. Each model has 3 PCs. The colours correspond to each ID group.    

 

 Two new models were built. One is a PLS model with a CM dataset reduced to 141 

measurements (same number of measurements as the PCS dataset). The other is a PLS model 

with the absorbance for the PCS as the X-variable and the Steel Belt Temperature as the Y 

variable.  

 

 

 



60 
 

4.3.3 Prediction of the Belt Temperature - CM Model vs. PCS 

Model 

 

The Observed vs. Predicted graphs for the model built with CM data and for the model 

built with PCS data (Figure 46 and Figure 47, respectively) show a good calibration of both 

models. They have a low RMSEC and RMSEcv (0,2581°C and 0,2800°C for CM Model; 0,3156°C 

and 0,4507°C for PCS model). As expected, the fitting is better and the errors are lower for the 

CM Model (which has information related with TBelt in its data). The PCS Model (which doesn’t 

have that information) has slightly higher errors but still, a very good fit. That can be confirmed in 

the Score plots for both models. The Score plot for the CM model (Figure 48) shows that the data 

points have a tendency to be grouped by TBelt. The Score plot for the PCS model (Figure 49) 

shows that the grouping is related with the TBelt. There is also a certain tendency for grouping by 

raw material group. However, the wrong classifications (the incorrect separation by ID group) 

indicate another influence factor being not considered in the data set yet.  

 

 

Figure 46  Graphic representation of the Observed vs. Predicted, with RMSEC=0,2581°C, RMSEcv=0,2800°C and 

R2=0,918. The PLS model was built with 6 PCs, using NIR data from the Casting Machine, with the 2nd Derivative 

applied. The different raw material lot combinations are labelled with their respective group letter ID. The different 

colours match the different group IDs. 
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Figure 47  Graphic representation of the Observed vs. Predicted, with RMSEC=0,3156°C, RMSEcv=0,4507°C and 

R2=0,877. The PLS model was built with 6 PCs, using NIR data from the “Pure” Casting Solution, with a cut at 1800 nm 

and the 2nd Derivative applied. The different raw material lot combinations are labelled with their respective group letter 

ID. The different colours match the different group IDs. 

 

 

Figure 48  Score plot for the CM model. The Steel Belt Temperature is identified by colours: blue is the lowest 

temperature (17,6°C) and orange is the highest (21,1°C). The different raw material lot combinations are labelled with 

their respective group letter ID. The three major groupings (high, medium and lower temperature) are defined by a 

circumference of a different colour (orange, green and blue, respectively) 
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Figure 49  Score plot for the PCS model. The Steel Belt Temperature is identified by colours: blue is the lowest 

temperature (17,6°C) and orange is the highest (21,1°C). The different raw material lot combinations are labelled with 

their respective group letter ID. 

 

To find out if indeed is possible to predict the Steel Belt Temperature from the NIR data, 

16 PLS models for both CM and PCS data were made. In the building of each model, all the 

groups were used for calibration, except one. The one group left out was then predicted. The 

exceptions were the groups with the same lot of PESU and PVP, but different IDs. 

In those cases, all the groups that shared the same type of raw materials were left out of the 

calibration set, being used for validation. 

A summarization of the different models and their results is presented in Table 8 and 

Table 9. In the overall view, most models allow a good prediction of the optimal Steel Belt 

Temperature.  
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Table 8  “Characteristics” of the different models built and their values of R2, Q2, RMSEC (°C), RMSEcv (°C) and 

RMSEP (°C) 

 

 

Table 9  “Characteristics” of the different models built and their values of R2, Q2, RMSEC (°C), RMSEcv (°C) and 

RMSEP (°C) 

 

 

On Figure 50 and Figure 51 are represented the Observed vs. Predicted plots for model 

CM1 and PCS1, respectively, with prediction of the TBelt for group A. Both models achieve a 

good prediction: the RMSEP is low (0,3747°C and 0,3684°C, respectively) and the individual 

predicted values are similar to the real values.  

 

Model
Data for 

Calibration

Data for 

Prediction

Number 

of PCs
R2 Q2 RMSEE RMSEcv RMSEP

CM1 All \ A A 5 0,882 0,865 0,3114 0,3305 0,3747

CM2 All \ B B 5 0,890 0,864 0,3030 0,3348 0,1616

CM3 All \ C C 4 0,843 0,806 0,3600 0,4195 0,2635

CM4 All \ D D 5 0,872 0,844 0,3174 0,3566 0,2608

CM5 All \ E E 5 0,870 0,835 0,3034 0,3455 0,3478

CM6 All \ F F 5 0,887 0,856 0,3056 0,3449 0,9137

CM7 All \ I I 5 0,871 0,839 0,3202 0,3598 0,0868

CM8 All \ {J, L/J, N/L/J} J, L/J, N/L/J 4 0,882 0,847 0,3000 0,3407 0,6371

CM9 All \ K K 5 0,880 0,854 0,3125 0,3481 0,2299

CM10 All \ M M 5 0,889 0,862 0,3058 0,3446 0,5867

CM11 All \ {O, Q/O} O, Q/O 5 0,925 0,893 0,2531 0,3167 0,5242

CM12 All \ P P 4 0,859 0,819 0,3424 0,4174 0,4312

CM13 All \ S S 5 0,892 0,870 0,2939 0,3171 0,2289

CM14 All \ T T 5 0,877 0,856 0,3222 0,3430 0,1606

CM15 All \ U U 5 0,868 0,846 0,3154 0,3379 0,1396

CM16 All \ {R, V/R} R, V/R 5 0,847 0,817 0,3220 0,3484 0,2281

Casting Machine Data

Model
Data for 

Calibration

Data for 

Prediction

Number 

of PCs
R2 Q2 RMSEE RMSEcv RMSEP

PCS1 All \ A A 5 0,859 0,737 0,3400 0,4545 0,3684

PCS2 All \ B B 5 0,862 0,740 0,3382 0,4518 0,3188

PCS3 All \ C C 4 0,831 0,718 0,3731 0,4699 0,3418

PCS4 All \ D D 5 0,850 0,722 0,3441 0,4551 0,2032

PCS5 All \ E E 5 0,841 0,699 0,3354 0,4491 0,4547

PCS6 All \ F F 5 0,898 0,780 0,2892 0,4179 1,2192

PCS7 All \ I I 5 0,852 0,723 0,3417 0,4597 0,1329

PCS8 All \ {J, L/J, N/L/J} J, L/J, N/L/J 4 0,869 0,764 0,3154 0,4148 0,6868

PCS9 All \ K K 5 0,859 0,735 0,3397 0,4536 0,4063

PCS10 All \ M M 5 0,865 0,748 0,3368 0,4503 0,4362

PCS11 All \ {O, Q/O} O, Q/O 5 0,873 0,762 0,3301 0,4409 0,5683

PCS12 All \ P P 4 0,827 0,729 0,3782 0,4639 0,1314

PCS13 All \ S S 5 0,855 0,754 0,3409 0,4267 0,5801

PCS14 All \ T T 5 0,862 0,775 0,3406 0,4180 0,7779

PCS15 All \ U U 5 0,848 0,720 0,3387 0,4437 0,4344

PCS16 All \ {R, V/R} R, V/R 5 0,843 0,703 0,3260 0,4275 0,5405

"Pure" Casting Solution Data
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Figure 50  Graphic representation of the Observed vs. Predicted for PLS model CM1. The colour green is referent to 

the work set (all groups except A) and the colour blue indicates the prediction set (group A). The RMSEP is 0,3747°C 

and the R2 is 0,878. 

 

 

Figure 51  Graphic representation of the Observed vs. Predicted for PLS model PCS1. The colour green is referent to 

the work set (all groups except A) and the colour blue indicates the prediction set (group A). The RMSEP is 0,3684°C 

and the R2 is 0,855. 

 

On the graphs of the Observed vs. Predicted for CM6 and PCS6 (Figure 52 and Figure 

53, respectively) it can be seen that neither model was able to get a prediction as good as the 

others for the TBelt of group F. The prediction values have a considerable difference from the real 

values and the RMSEP are the highest of all models (0,9137°C for model CM6 and 1,2192°C for 

model PCS6). 
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Figure 52  Graphic representation of the Observed vs. Predicted for PLS model CM6. The colour green is referent to 

the work set (all groups except F) and the colour blue indicates the prediction set (group F). The RMSEC is 0,9137°C 

and the R2 is 0,857. 

 

 

Figure 53  Graphic representation of the Observed vs. Predicted for PLS model PCS6. The colour green is referent to 

the work set (all groups except F) and the colour blue indicates the prediction set (group F). The RMSEC is 1,2192°C 

and the R2 is 0,847. 

 

 It is absolutely normal to have some data points with a bigger error of prediction. 

Consulting the histogram of prediction residuals for both CM and PCS models (Figure 54 and 

Figure 55, respectively) it is possible to see that it follows the expected Gaussian shape. In both 

histograms, above 80% of the data points are within the 1SD limit. This confirms an overall 

positive outcome for the models predicting the TBelt with new raw material lots.   
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Figure 54  Histogram of prediction residuals of some CM models, showing a Gaussian shape. The x-axis is the 

residuals and y-axis is the frequency. 

 

 

Figure 55  Histogram of prediction residuals of some PCS models, showing a Gaussian shape. The x-axis is the 

residuals and y-axis is the frequency 

 

 The next step is to verify if there is a good correlation between the CM models and the 

TBelt and between the PCS models and the TBelt. The values for the correlation coefficient for 

some models can be seen in Table 10. As expected, the correlation between the both CM and 

PCS models and the TBelt is quite high. This means that, overall, the PCS and the CM models 

are able to follow the TBelt trend. 
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Table 10  Correlation Coefficients between some PCS models and the TBelt and between some CM models and the 

TBelt 

 

 

 On Figure 56 and Figure 57 the variations in the predicted values for model CM11 and 

model PCS11 are presented, respectively. These two models have the biggest difference in the 

correlation coefficient and there are some differences in the model trends. Model CM11 follows 

most of the positive and negative variations of the TBelt correctly. Model PCS11 follows  parts of 

the TBelt trend well, but not for all groups. This translates in predicting TBelt value change when 

the real value is constant or going completely against the trend (e.g. predicting an increase in 

temperature when , in reallity, there is a decrease).    

  

 

Figure 56  Graphic representation of the variation in the predicted TBelt by model CM11 (red) and in the real TBelt 

(black) through the different groups of raw material lots.   

 

Data for 

Calibration

Data for 

Prediction
Model 

Correlation 

Coefficient

PCS1 0,9246

CM1 0,9366

PCS6 0,9204

CM6 0,9259

PCS8 0,8946

CM8 0,9079

PCS10 0,9241

CM10 0,9318

PCS11 0,9158

CM11 0,9474

PCS13 0,9192

CM13 0,9454

PCS15 0,9237

CM15 0,9383

PCS16 0,9155

CM16 0,9375

All \ {J, L/J, N/L/J} J, L/J, N/L/J

Correlation with Steel Belt Temperature

All \ A A

All \ F F

All \ U U

All \ {R, V/R} R, V/R

All \ M M

All \ {O, Q/O} O, O/Q

All \ S S
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Figure 57  Graphic representation of the variation in the predicted TBelt by model PCS11 (blue) and in the real TBelt 

(black) through the different groups of raw material lots. 

 

 In order to perform a study on the improvement of the correlation between the models 

and the Steel Belt Temperature, two situations were analyzed: the prediction of F by model CM6 

and model PCS6, (which have the biggest RMSEP) and the prediction of J, L and N by model 

CM8 and PCS8 (which have the lowest correlation coefficient).  

Models CM6 and PCS6 could not predict a correct TBelt for group F. The problem can be 

that the models are not following the variations of the TBelt (predicting a decrease in the values 

when there is none). However, analyzing Figure 58 it is possible to see that both models are 

indeed following the TBelt trend.  

In the case of models CM8 and PCS8 there are three groups being predicted at the same 

time. Observing Figure 59 it is possible to see that, even though they share the same raw material 

lots, the models behave differently for each. When predicting the group N, the models can follow 

the trend (an increase in TBelt followed by a decrease). In the prediction of group J, the models 

can initially follow the trend of the TBelt. However, they both predict a decrease in the temperature 

values, followed by an increase, when the real value was kept constant. Finally, in the prediction 

for group L, the models are going in the complete opposite direction of the trend: while the real 

values of TBelt are decreasing, both models are predicting a constant increase in the temperature.   
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Figure 58  Graphic representation of the variation in the predicted TBelt: by model PCS6 (blue); by model CM6 (red) 

and in the real TBelt (black) through the different groups of raw material lots. The variations for group F are highlighted 

by a grey rectangle.   

 

 

Figure 59  Graphic representation of the variation in the predicted TBelt: by model PCS8 (blue); by model CM8 (red) 

and in the real TBelt (black) through the different groups of raw material lots. The variations for group J,L and N are 

each highlighted by a grey rectangle.   

 

The question now is: what is causing this? It cannot be a factor exclusive of the Casting 

Machine or of the Storage Tanks, since the prediction problems are common to both CM and 

PCS models. It also has to be a factor that can be detected by the NIR sensor and influence the 

spectra.   

A possible answer can either be the water content in the Casting Solution or its storage 

time. Both factors influence the Opacity.   
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4.3.4 Influence of Opacity  

 

Opacity is the temperature (°C) at which a transparent solution becomes turbid. This is 

measured by visual detection after heating the solution. Opacity can be related with many factors. 

For the Casting Solution, two of those factors are water content and storage time. This means 

that a Casting Solution with a bigger water content or a longer storage time will have a higher 

Opacity.  

Two new models for the Pure Casting Solution (PCS) and for the Casting Machine (CM) 

were built. These models were built using the Scores of the previous models. The reason for it is 

the disparity in the number of X variables related with absorbance and related with Opacity. Since 

the data is of spectrometric nature, there are a great number of X variables for absorbance but 

only one X variable for Opacity. This translates into a strong influence of the spectral information 

against a very small influence from the Opacity. Using the Scores, there is a reduction of the 

number of X variables for absorbance, from more than 100 to only 5. This guarantees a more 

balanced leverage of spectroscopic and opacity data.  

 Both models use 4 PCs. On Figure 60 and Figure 61 are represented the graphs for the 

Scores of the PCS model and CM model, respectively. On the Score Plot for the PCS model, it is 

possible to see a quite good grouping of the data according to their ID group. It can also be 

observed a trend related with Opacity: the groups with lower values are on the left and the groups 

with higher values are on the right.  

 

 

Figure 60  Score plot for the PCS model. The Opacity is identified by colours: blue is the lowest value (41,8 °C) and 

orange is the highest (50,9°C). The different raw material lot combinations are labelled with their respective group letter 

ID.  
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On the Score Plot for the CM model it can be seen a certain trend, related with the Steel Belt 

Temperature. The groups with the highest TBelt are at the top of the graph, the ones with the 

lowest are at the bottom and the ones with the medium TBelt are in the middle.  

 

 

Figure 61  Score plot for the CM model. The Steel Belt Temperature is identified by colours: blue is the lowest 

temperature (17,6°C) and orange is the highest (21,1°C). The different raw material lot combinations are labelled with 

their respective group letter ID. The three major groupings (high, medium and lower temperature) are defined by a 

circumference of a different colour (orange, green and blue, respectively) 

 

The Observed vs. Predicted for the PCS model and for the CM model (Figure 62 and 

Figure 63, respectively), shows a good calibration for both models. The RMSEC and the RMSEcv 

are around 0,34°C for the PCS model and around 0,37°C for the CM model. Both models have 

almost the same error values, unlike the previous models, in which the CM model had a slightly 

better calibration. The next step was validating the new models. 

 

 

21 

 

20 

 

19 

 

18 

 



72 
 

 

Figure 62  Graphic representation of the Observed vs. Predicted, with RMSEC=0,3421°C, RMSEcv=0,3419°C and 

R2=0,855. The PLS model was built with 4 PCs, using the Scores from the previous PCS model, combined with the 

Opacity values. The different raw material lot combinations are labelled with their respective group letter ID. The 

different colours match the different group IDs. 

 

 

Figure 63  Graphic representation of the Observed vs. Predicted, with RMSEC=0,3728°C, RMSEcv=0,3712°C and 

R2=0,823. The PLS model was built with 4 PCs, using the Scores from the previous CM model combined with the 

Opacity values. The different raw material lot combinations are labelled with their respective group letter ID. The 

different colours match the different group IDs. 

 

 For validation, 12 models were built (6 for CM and 6 for PCS). Similarly to what was done 

before, a group ID was excluded from the calibration in order to be predicted. The results are 

summarized on Table 11. There was a decrease in the RMSEP in almost all the models. Adding 

the Opacity caused an improvement of the models prediction capabilities. 
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Table 11  “Characteristics” of the different models built and their values of R2, Q2, RMSEC (°C), RMSEcv (°C) and 

RMSEP (°C) 

 

 

 Some particular situations deserve a more profound observation. The previous model for 

the prediction of group T (model PCS14) predicted the points far from the calibration data, as can 

be seen in Figure 64. The error of prediction was 0,7779°C. The new model (PCS21) is able to 

predict the group T with very low RMSEP (0,1700°C). With the addition of the Opacity data, there 

was a error reduction of 78%. That remarkable improvement of the model is very noticeable on 

the Observed vs. Predicted graph (Figure 65). All the data points are within the rest of the 

calibration set.  

 

 

Figure 64  Graphic representation of the Observed vs. Predicted for PLS model PCS14. The colour green is referent to 

the work set (all groups except T) and the colour blue indicates the prediction set (group T). The RMSEP is 0,7779°C 

and the R2 is 0,823. 

 

Model Data Origin 
Data for 

Calibration

Data for 

Prediction

Number 

of PCs
R2 Q2 RMSEE RMSEcv RMSEP

CM17 CM All \ A A 4 0,826 0,821 0,3798 0,3790 0,1549

PCS17 PCS All \ A A 4 0,854 0,848 0,3483 0,3480 0,1679

CM18 CM All \ F F 4 0,852 0,847 0,3500 0,3509 0,8695

PCS18 PCS All \ F F 4 0,892 0,890 0,2988 0,2977 1,0488

CM19 CM All \ {J, L/J, N/L/J} J, L/J, N/L/J 4 0,882 0,879 0,3024 0,3035 0,6669

PCS19 PCS All \ {J, L/J, N/L/J} J, L/J, N/L/J 4 0,887 0,882 0,2961 0,2963 0,5725

CM20 CM All \ {O, Q/O} O, Q/O 4 0,833 0,828 0,3794 0,3787 0,2936

PCS20 PCS All \ {O, Q/O} O, Q/O 4 0,867 0,862 0,3394 0,3373 0,3978

CM21 CM All \ T T 4 0,825 0,822 0,3850 0,3824 0,1107

PCS21 PCS All \ T T 4 0,857 0,851 0,3490 0,3481 0,1700

CM22 CM All \ {R, V/R} R, V/R 4 0,788 0,783 0,3802 0,3798 0,3013

PCS22 PCS All \ {R, V/R} R, V/R 4 0,823 0,816 0,3475 0,3490 0,2248
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Figure 65  Graphic representation of the Observed vs. Predicted for PLS model PCS21. The colour green is referent to 

the work set (all groups except T) and the colour blue indicates the prediction set (group T). The RMSEC is 0,1700°C 

and the R2 is 0,857.  

 

Models PCS18 and CM18 were used to predict group F. This is the set most difficult to 

predict. The RMSEC on both models are lower than before (1,0488°C and 0,8695°C, 

respectively). Even thought they are the highest values of the new models, there was a reduction 

of the error by 14% for the PCS model and by 5% for the CM model. Group F is still the most 

difficult, which means that, whatever is causing the lack of validation it is most probably not related 

with the water content or the age of the samples. It might be something present only in that specific 

combination of PESU and PVP that is causing this deviation.  

For the prediction of J,L and N (by models PCS19 and CM19), there was a little 

improvement for the PCS model (the error was reduced by 17%), and not much difference for the 

CM model. In the Observed vs. Predicted graph for PCS19 (Figure 66), it is possible to see that 

the predicted values are not very far from the real values. Looking more closely to the prediction 

of group L, it is clear that the TBelt is being predicted with higher values than the real TBelt. This 

might mean that the previous trend deviations were not solved yet. The same thing can be 

observed in the Observed vs. Predicted for model CM19 (Figure 67). In this model, the RMSEP 

is practically the same as the previous one. 
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Figure 66  Graphic representation of the Observed vs. Predicted for PLS model PCS19. The colour green is referent to 

the work set (all groups except J,L and N) and the colour blue indicates the prediction set (groups J,L and N). The 

RMSEC is 0,5725°C and the R2 is 0,844. 

 

 

Figure 67  Graphic representation of the Observed vs. Predicted for PLS model CM19. The colour green is referent to 

the work set (all groups except J,L and N) and the colour blue indicates the prediction set (groups J,L and N). The 

RMSEC is 0,6668°C and the R2 is 0,816°C. 

 

 On Figure 68 it is represented the variation of the TBelt for model CM19, model PCS19 

and the real values. It is clear that the models still cannot follow the TBelt trend and are behaving 

like the previous ones. This means that, whatever is causing this problem in the models, it is not 

covered by raw material variations or factors related with Opacity.  
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Figure 68  Graphic representation of the variation in the predicted TBelt: by model PCS19 (blue); by model CM19 (red) 

and in the real TBelt (black) through the different groups of raw material lots. The variations for group J,L and N are 

each highlighted by a grey rectangle.   

 

 The summarization for the Model Correlation with the TBelt can be seen on Table 12. 

The Correlation Coefficients are very similar to the previous ones. That can be confirmed on the 

graphs for correlation of the predicted values by model CM17 and PCS17 with the real values for 

TBelt (Figure 69 and Figure 70, respectively). There is not much difference between these results 

and the previous ones (from models CM11 and PCS11). 

 Considering all this information, it can be concluded that the prediction of the Steel Belt 

Temperature depends on the raw material variation and on the factors related with Opacity (like 

water content). The models with only the raw material variations are already able to predict quite 

well. The models with the raw material variation and the Opacity are, in general, capable of 

producing better predictions (especially the ones with PCS data). There are some groups that 

have more unknown variations than the ones the model can count for, and therefore are more 

difficult to predict. However, those data points are merely outliers and should not  be taken 

account when considering the general trend, which is highly positive. Adding the Opacity did not 

help the correlation of the models with the TBelt, meaning that any problem related with that is 

being caused by some other unknown factor. Still, all the models can, in general, follow the TBelt 

trend correctly and account for the variations in the real values.   

 In conclusion, both CM and PCS models are quite robust and can definitely be used for 

predicting the Steel Belt Temperature.   
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Table 12  Correlation Coefficients between some PCS models and the TBelt and between some CM models and the 

TBelt 

 
 

 

Figure 69  Graphic representation of the variation in the predicted TBelt by model CM17 (red) and in the real TBelt 

(black) through the different groups of raw material lots. 

 

 

 

Figure 70  Graphic representation of the variation in the predicted TBelt by model PCS17 (blue) and in the real TBelt 

(black) through the different groups of raw material lots 

Data for 

Calibration

Data for 

Prediction
Data Origin

Correlation 

Coefficient

PCS 0,9246

CM 0,9099

PCS 0,9242

CM 0,9088

PCS 0,9186

CM 0,9034

PCS 0,9231

CM 0,9104

PCS 0,9288

CM 0,9108
All \ {R, V/R} R, V/R

All \ {O, Q/O} O, O/Q

All \ {J, L/J, N/L/J} J, L/J, N/L/J

Correlation with Band Temperature

All \ A A

All \ F F
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5. Conclusions 

 

 The use of combined models for the online monitoring with NIR of the membrane CQAs 

(namely, the Bubble Point) is very useful. The fact that the combined model has a larger range 

than the independent models means it captures more variation and therefore possesses more 

accurate predictive abilities. The SEC for the independent models for membrane type 15427 - EP 

and for membrane type A5427 are 0,08 bar and 0,05 bar, respectively, in a range of 1,3 bar for 

15427 - EP and 0,8 for A5427. The SEC and SECV for the combined model are 0,07 bar and 

0,08 bar, respectively in a range of 1,4 bar. The value of SEC for the combined model is the 

lowest of the three models (considering the ranges).  

 The validation of models for BP prediction indicates the model capability of doing correct 

estimations when implemented at the casting line. The sources of variability at the line are the 

different PESU and PVP lots used. The study showed that the influence in the models by PESU 

and PVP is quite similar. The validation can be done by following the time scale, which means 

that only raw material combinations that were used previously to the group being predicted are 

used for calibration. The alternative is the "leave-on-out" method, meaning all the data available 

is used for calibration, leaving out the group that will be predicted. The results obtained by both 

validation methods are quite similar. The values are within a range of 0,0620 - 0,0701 bar (for 

SEC) and 0,0430 - 0,1419 bar (for SEP), which is low in a range when working with a BP range 

2,2 bar. The fact that the errors are similar in both validation methods indicates that, as long as a 

certain raw material variability is within the model calibration, the predications can be done 

correctly. At the casting line, the model will predict correctly most of the BP. If the model starts to 

fail the predictions, it means that the model simply needs to be updated. 

 A predictive model of a specific Steel Belt Temperature for a certain combination of raw 

material lots is a very useful tool. It can reduce drastically the time and resources waste at the 

casting line, when defining the machine settings. Two types of models can be used: one calibrated 

with data from the NIR sensor placed at the casting line and the other calibrated with data from 

the NIR probe placed before the casting line. The RMSEP is within 0,1616 - 0,9137 °C  and 

0,1329 - 1,2190 °C for the CM and PCS mode, respectively, in a range of 4°C. Adding Opacity 

data to the models improved the RMSEP for most of the models studied. The RMSEP is within 

0,1107 - 0,8695 for CM models and 0,1679 - 1,0488 for PCS models, in a range of 4°C. On 

average, there was a reduction in the prediction error of 15% for CM models and of 38% for PCS 

models. This implies Opacity has a bigger impact on the data acquired before the Casting 

Machine.  

 In general, this work was quite successful, and the three main thesis objectives were 

achieved, with very positive results.       
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6. Future Perspectives 

 

Considering the results obtained in this work, the steps 5 and 6 of the Project “Automation 

of Casting Machine A1” are close to be concluded. Most of the proposed R&D work was 

completed, but there are some extensions that could be further investigated.  

It was proven in this work that combined models can be used for the prediction of BP. In 

the near future, a combined model for membrane types 15407 and 15407-HP can be generated, 

since they have the same composition and a different range of BPs (similar to 15427-EP and 

A5427). It would be interesting to establish if there are more membranes that can be “grouped” 

and combined models for them should be built.   

For the membrane types that already have a BP prediction model, a validation for said 

models may be performed. This can be done by using the same process used for membrane type 

15407: validating the models using new raw material lots, and updating them by adding new 

samples when the validation is no longer working.  

It would also be beneficial to monitor the other CQAs using NIR. This way it is possible to 

obtain a better knowledge and control of the process, with a reduced necessity for sampling.    

As soon as all the models are fully operational, they should be introduced in the PCS, 

completing the last step of the Project.  

Finally, the models for the prediction of the Steel Belt Temperature should be implemented 

in the process as soon as possible. That way, every time a new raw material arrives, the operators 

can use the specific predicted values as starting settings, instead of the time-consuming “trial-

and-error” method.  
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Appendix A. Apparatus Description 

Table 13  Description of the different apparatus used for Critical Quality Attributes assessment 

Apparatus Description 

Manual BP Apparatus 

 

It is composed by a metal cylinder, with an integrated circular sample 

holder. This is connected to a pressure system. The cylinder is filled 

with water in the beginning of the experiment and the membrane is 

subjected to an air flow with increasingly more pressure. When the 

first air bubble appears in the membrane surface, the measuring 

stops. The accuracy of the measurement depends on the rate of 

pressure change.  

 

Sartocheck® 3 Plus 

 

This apparatus is a Filter Integrity Test system from Sartorius. Its 

main purpose is to test the integrity of membrane filters according to 

various methods, like BP and Diffusion measurements. The system 

includes a device for process control, a stainless steel sample holder 

(where the membrane is placed), an “inlet” tubing with compressed 

air filter and an “outlet” tubing. The operating temperature range is 

15°C – 35°C.. The measuring ranges are 0,1 - 999,9 mL/min for 

Diffusion and 100-8000 mbar for BP. The measuring accuracy for 

Diffusion is ±5% of the measured value and for BP is ±50 mbar [63]. 

 

Hahn+Kolb Caliper 

 

This apparatus allows quick and simple thickness measurements, 

although it is not very sensitive. The uncertainty associated with this 

thickness is ±10 μm. The membrane is placed between a fixed flat 

plate and a gauge slide plate. A normalized pressure is applied on 

the surface to increase reproducibility and to reduce manual 

handling generated variations. Since this is a non-destructive test, 

the membrane is still viable [64]. 

 

Frank-PTI Line 

Bendtsen 

 

It can perform quick and automatic measurements of air permeability 

and surface roughness. The measuring range is 25 - 5,000 mL/min 

flow rate for flow rate and ± 0.5 % of the final value for the pressure 

difference. The measuring accuracy for flow is ± 0.5 % of the final 

value.  
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The operation mode for air flux measurements is simple and quick. 

The operator places the sample below the measuring head and 

pushes the star button. The measuring head lowers onto the sample 

and clamps it. Air flows through the sample at a selected measuring 

pressure. As soon as the preset pressure is stable, the measuring 

value is displayed in mL/min [65]. 
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Appendix B. Data Generation 

BI. Membrane type 15427 - EP 

Table 14  CPP values for the membrane type 15427 - EP 

 

 

BII. Membrane type A15427 

Table 15 CPP values for the membrane type A5427 

 

 

 

 

 

Roll ACS (kg/m2) TPrecipitationBath (°C) TColumn (°C) TBelt (°C)

1 0,280 51 28 35,5

2 0,275 50 27 35,0

3 0,285 50 27 35,5

4 0,275 52 27 36,0

5 0,285 52 27 36,5

6 0,275 50 29 37,0

7 0,285 50 29 36,5

8 0,275 52 29 36,0

9 0,385 52 29 35,5

10 0,280 51 28 35,0

11 0,275 50 27 35,5

12 0,285 50 27 36,0

13 0,275 52 27 36,5

14 0,285 52 27 37,0

15 0,275 50 29 37,5

16 0,285 50 29 37,0

17 0,275 52 29 35,5

18 0,285 52 29 35,0

19 0,285 51 27 35,5

20 0,285 50 29 36,0

15427 - EP

Roll ACS (kg/m2) TColumn (°C) TBelt (°C)

1 0,275 28,0 25,8

2 0,270 28,5 25,3

3 0,280 28,5 24,8

4 0,270 28,5 25,3

A5427
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Appendix C. NIR Spectrophotometer and Probe 

 

 

 

Figure 71  NIR device: BioPAT® Spectro [7] 

 

 

 

Figure 72  MATRIX-F FT-NIR Spectrometer with fiber optic Probe [62] 
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Appendix D. Tables matching PESU and PVP with ID 

 

Table 16  Complete list of SEP values for PESU vs. PVP influence analysis 

   Calibration Validation 

Conditions SEP PESU PVP PESU PVP 

Same PESU 
Different 

PVP 
0,0357 

27965016K0 
1563331 95098867J0 1563329 

95098867J0 

Same PESU Same PVP 0,0370 95098867J0 
1563329 

95098867J0 1563329 
1563331 

Different PESU Same PVP 0,0409 
27965016K0 

1563331 93858367J0 1563331 
95098867J0 

Same PESU 
Different 

PVP 
0,0439 90997367J0 52305743 90997367J0 1563329 

Same PESU 
Different 

PVP 
0,0443 93858367J0 1563329 93858367J0 1563331 

Different PESU Same PVP 0,0462 95098867J0 
1563329 

93858367J0 1563331 
1563331 

Different PESU Same PVP 0,0478 95098867J0 
1563329 

27965016K0 1563331 
1563331 

Same PESU Same PVP 0,0490 93858367J0 1563329 93858367J0 1563329 

Different PESU Same PVP 0,0496 95098867J0 
1563329 

74349367J0 1563329 
1563331 

Different PESU Same PVP 0,0521 90997367J0 52305743 98664467J0 52305743 

Different PESU Same PVP 0,0585 93858367J0 1563329 95098867J0 1563329 

Same PESU Same PVP 0,0589 95098867J0 
1563329 

95098867J0 1563331 
1563331 

Different PESU Same PVP 0,0589 
27965016K0 

1563331 76406324U0 1563331 
95098867J0 

Different PESU Same PVP 0,0593 95098867J0 
1563329 

18652567J0 1563329 
1563331 

Different PESU Same PVP 0,0602 
30067467J0 

1563329 74349367J0 1563329 
18652567J0 

Different PESU Same PVP 0,0613 93858367J0 
1563329 

18652567J0 1563329 
1563331 

Different PESU Same PVP 0,0717 93858367J0 
1563329 

95098867J0 1563331 
1563331 

Same PESU Same PVP 0,0717 93858367J0 
1563329 

93858367J0 1563329 
1563331 

Different PESU Same PVP 0,0798 99078067J0 52298613 95726267J0 52298613 

Different PESU Same PVP 0,1080 95098867J0 
1563329 

57476988Q 1563329 
1563331 


