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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 (SEC) and 

Standard Error of Cross-Validation (SECV) 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 (SEP) from the models are within 0,0430 - 1,419 bar, in a range of 2,3 bar. 
For the TBelt predictive models, the optimal Root Mean Square Error of Prediction (RMSEP) values are within 0,1107 - 1,0488 

(°C), in a range of 4°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.  
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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 



2 Madalena Testas  - Master of Science Degree in Biological Engineering  

(e.g., the use of spectroscopic tools to perform 
monitoring) [3]. The use of spectroscopies, like Near-

Infrared (NIR), Middle-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]. 

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 [5][6]. 
Membranes are produced by casting-precipitation in 
a Casting Machine. 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. 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. The goal is to trace 
the CQAs of the still-producing membrane where the 
CPPs are most influent. 

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. 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 current work 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.  
 

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 PESU 

and PVP 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. 
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2. Data Collection 

2.1 Membrane type 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. A day of 
production for each membrane types 15427 – EP and 
A5427 was scheduled at the casting line. While 
manufacturing the membranes, 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).  

2.2 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. 

2.3 Steel Belt Temperature 

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 the 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. 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. 

2.4 Instrumentation 

The measurements at the production line were made 

with the NIR sensor BioPat® Spectro, produced by 

Sartorius Stedim Biotech GmbH. The Bubble Point 

referencing was performed with the automatic 

measurer Sartocheck® 3 plus, also manufactured by 

Sartorius Stedim Biotech GmbH. 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, 

manufactured by Bruker.  

3. Experimental Results and Data Analysis 

3.1 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. 

For membrane type 15427 – EP, the model was built 

with 4 PCs. The pre-treatment applied was EMSC. 
The results show that the model is well calibrated, 
with a low SEC (0,08 bar) and a good fitting of all 
the points.  
A model with 2 PCs was built for membrane type 
A5427. Similarly to the previous model, the pre-

treatment applied was EMSC. The error of 
calibration is of 0,05 bar, which is quite low, 
meaning the model is well-calibrated.  

Combining the information from both membrane 
types the result was a PLS combined model with 4 
PCs. The Predicted vs. Observed (Figure 1) shows a 

good calibration, with a SEC of 0,07 bar.  
It was performed Cross-Validation to have a surface 
analysis of the prediction capacity. The SECV is of 
0,08 bar (Figure 1), 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.  
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Figure 1 Graphic representation of the Predicted vs. 

Observed, for the PLS model combining the 15427 – EP 

data with the A5427 data. The range is 2,4 – 2,8 bar. The 
model was built using 4 PCs and it has SEC=0,07 bar, 

SECV= 0,08 bar,  R
2
Cal= 0,957 and R

2
CVal= 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).  

3.2 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. To investigate the impact of the 
PESU and PVP lots, the robustness of the model 

when introduced to new raw material data and the 
best method for model updating, the data and model 
for the membrane type 15407 will be used. The 
Bubble Point for this membrane is between 2,4  and 
4,6 bar. 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 (Table 1).  
 

Table 1 Table with the different lots of PESU and PVP for 

membrane type 15407 

PESU PVP ID 

95726267J0 52298613 A 

99078067J0 52298613 B 

98664467J0 52305743 C 

90997367J0 52305743 D 

90997367J0 1563329 E 

30067467J0 1563329 F 

18652567J0 1563329 G 

93858367J0 1563329 H 

93858367J0 1563331 I 

93858367J0 1563329 J 

11851733 1563329 K 

93858367J0 1563329 L 

74349367J0 1563329 M 

93858367J0 1563329 N 

95098867J0 1563329 O 

57476988Q0 1563329 P 

95098867J0 1563329 Q 

95098867J0 1563331 R 

76406324U0 1563331 S 

27965016K0 1563331 T 

94689267J0 1563331 U 

95098867J0 1563331 V 

 

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 group A and group B have 

the same type of PVP but different types of PESU, a 
calibration was done using A, and the validation 
using B. 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. 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 results 
showed that it was 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, it can be concluded that the PESU and PVP 
lot variations have similar impacts on the prediction 
capabilities of the models.  

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 



 Madalena Testas - Master of Science Degree in Biological Engineering 5 

in the calibration set. For the second validation 
method (using all the data, leaving out the prediction) 

6 PLS models were made. The groups predicted were 
chosen in order to obtain predictions spaced 
throughout the year. The results by both validation 
methods showed 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 indicates a strong robustness of the models, 
which might be translated into the models do not 
needing to be updated very regularly. It can be 
concluded that the model can predict correctly the 

BP. 

In order to perform robustness improvement study, 
the three groups with the highest SEP (C, P and R) 
were chosen to be used. The models used were the 
1st model for the prediction of C and the 3rd model 
for the prediction of P and R. The data set C has a 

total of 98 points and SEP of 0,1143 bar. Removing 
29 points for calibration (leaving 69 points for 
validation), it was obtained a SEP of 0,0966 bar, 
which was the best value for the error with the least 
amount of data in the calibration set. The data set R 
has a total of 63 points and a SEP of 0,1419 bar. 

Using only the first 5 points for calibration (leaving 
58 points for validation) it was possible to obtain a 
SEP of 0,0729 bar. The data set P contains 31 points 
and a SEP of 0,1157 bar. 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 (to 0,1079 bar), which means that is necessary 
to use more points for calibration. With 29 points on 
the calibration and only 4 points on the validation, 
the error of prediction did not lowered (SEP=0,1861 
bar). 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 
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.   

3.3. Prediction of the Steel Belt Temperature 

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 would be eliminated. This 
guarantees that the models constructed would only 
use the values of TBelt that originate optimal BPs.  

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. The pre-treatment used in 
all the models was the 2

nd
 Derivative. 

For the CM models, the RMSEPs obtained were 
between 0,1616 and 0,9137 (°C) and for the PCS 

models, the RMSEPs were between 0,1314 and 
1,2192 (°C). These values indicate a good predictive 
capacity for the models, in general. 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 correlation coefficients 

for the PCS and CM models studied are between 
0,8946 and 0,9474. This means that, overall, the PCS 
and the CM models are able to follow the TBelt 
trend. The Figure 2 represents the correlation 
between the model CM8, the model PCS8 and the 
real values of TBelt. It can be observed that both 

models, overall, can follow the variations in the real 
values of TBelt. However, they have some difficulty 
following the trend for the prediction of group L/J 
(the model goes on the opposite direction of the real 
values).   

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 
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Figure 2 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  

either be the water content in the Casting Solution or 
its storage time. Both factors influence the Opacity.   
 
Opacity is the temperature (°C) in which a 

transparent solution becomes turbid. This is 
measured by 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.  
 
In order to analyse the effect of the Opacity in the 
prediction abilities, 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. There was a decrease in the RMSEP 

in almost all the models. The values for the CM 
models are between 0,1107 and 0,8695 (°C) and the 
values for the PCS models are between 0,1674 and 
1,0488 (°C). Adding the Opacity caused an 
improvement of the models prediction capabilities. 
As an example a more profound observation will be 

made for the prediction of group T. 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 3. 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 (Figure 4). All the data points are within 
the rest of the calibration set.  

However, there was no significate improvement in 

the correlation. The lack of trend following by the 
PCS19 and CM19 models for the prediction of group 
L/J was slightly reduced, but not eliminated. This 

means that, whatever is causing this problem in the 
models, it is not covered by raw material variations 

or factors related with Opacity.  
Nonetheless, it can be clearly seen that models can 
follow the overall trend. This observation combined 
with a good predictive capacity, translates in a 
positive outcome for the application of models in the 
prediction of the Steel Belt Temperature.   

 

 
  Figure 3 Graphic representation of the Observed vs. Predicted  

for PLS model PCS14. The colour g reen is referent to the work set 

(all g roups except T) and the colour blue indicates the prediction  

set (group T). The RMSEP is 0,7779°C and the R
2
 is 0,823. The 

range is 17,5 – 21,0 (°C). 
 

 
Figure 4 Graphic representation of the Observed vs. Predicted for 

PLS model PCS21. The colour g reen 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 R
2
 is 0,857. The range 

is 17,5 – 21,0 (°C). 
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4. Conclusions and future work 

In general, this work was quite successful, and the 
three main objectives were achieved, with very 

positive results.       

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 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. 

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. 

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. 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 (including the one for the prediction 
of the Steel Belt  
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Abbreviations 

BP – Bubble Point 
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CM – Casting Machine 
CPP – Critical Process Parameters 

CQA – Critical Quality Attributes 
MVDA – Multivariate Data Analysis 
NIR – Near Infrared 
NIRS – Near Infrared Spectroscopy 
PCS – Pure Casting Solution 
PESU - Polyethersulfone 

PLS – Partial Least Squares 
PVP - Polyvinylpyrrolidone 
RMSEP – Root Mean Square Error of Prediction 
SD – Standard Deviation 
SEC – Standard Error of Calibration 
SECV – Standard Error of Cross-Validation 

SEP – Standard Error of Prediction 
TBelt – Steel Belt Temperature 

 

 

 


