
ABSTRACT 

SILVA, EDMIR AUGUSTO. Raman Spectroscopy and Chemometrics Applied to Recycled 
Polyethylene Terephthalate. (Under the direction of Dr. Stephen Michielsen). 
 

 For decades, polyester polymer has maintained its position as the polymer of 

choice for multiple applications. Recently, recycling of polyester has become very popular. 

Given the challenge of process control, this dissertation suggests Raman spectroscopy as a 

viable soft, non-destructive analysis tool for discrimination and potential characterization of 

the melt stream. This research found that Raman can be applied to recycled Polyethylene 

Terephthalate (PET) to ameliorate the production off-quality materials by predicting melt 

viscosity and detecting polymer contaminants. It was found that melt temperature and melt 

pressure could be predicted using Chemometrics tools, such as OPLS, when spectra were 

collected from a Raman probe facing the melt in a polyester extruder. This work opens the 

door to the usage of spectrometer in the extrusion field more often than it is today; most of the 

Raman work published in polyester is regarding crystallinity. This thesis will list some of 

those, but none of the existing literature spends time showing how to predict melt viscosity, 

for example. This dissertation will show how to calculate it from the melt pressure. In the 

future a lot more important information can be extracted from the same system described here 

due to the system proposed: spectrometer, probe, statistical method for pre and post processing 

the data and predictive model. 
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1 INTRODUCTION 

 

PET, or poly(ethylene terephthalate), commonly called polyester, has consolidated its 

position as the polymer of choice for many applications due to its ease of use and its excellent 

physical, mechanical, thermal, optical, and barrier properties.[1-4] Polyester has a diverse array 

of end uses, appearing across a broad spectrum of products, including film, X-ray film, bottles 

(blow-molded containers), sheets, coatings, food packaging, pharmaceutical packaging, video 

and audio tapes, textile fibers, yarns and fabrics, insulation foam, automotive parts, industrial 

cords and strapping, and hardware and electrical components for assorted office and industrial 

uses. As of 2005, the annual polyester consumption worldwide topped 50 million tons (Figure 

1), and today, of all synthetic fibers consumed worldwide, polyester’s share is almost 73%. 

Table 1 shows the fiber consumption by region for the top 4 synthetic fibers worldwide. The 

data are from 2007 and 2008, just before the economic crisis, yet the high levels of pre-

recession consumption have changed little in the years since the crisis. These numbers 

demonstrate the overwhelming importance of this material. 

Given the widespread consumption of PET, industries and governments alike have 

recognized the need for effective recycling processes. Discarded plastics are not just a concern 

for the industry; they are also a concern for the government that has to manage the municipal 

solid waste. [5] Markets sometimes refer to discarded materials as “a mine above ground,” and 

the Environmental Protection Agency (EPA) estimates that plastic accounts for 20 to 25% of 

all waste streams. A major reason that the recycling of plastics is almost imperative is that 

plastics make up 10 to 20% of existing solid waste by weight, but 2 to 3 times that amount by 

volume due to its low density. Thus, plastics reduce landfill capacity and cause environmental 

pollution. Recycling can help to overcome this problem by keeping plastics out of landfills; in 

addition, recycling can lead to the production of useful products through collection, separation, 

washing/cleaning, and reprocessing. Another motivation to recycle, in addition to the 

environmental pressure to improve waste management, or its slow rate of natural 

decomposition, is that recycling is economical. [5] According to Nikles et al. (2005), recyclers 
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receive about 10 cents per pound, where the price for clear PET regrind is around 30 cents per 

pound, and chip prices can reach 65 cents per pound. This means that recycling provides a 

sustainable stream of raw material and a robust business model for the industry. The need for 

effective polyester recycling is one of the main motivations for the work described in this 

dissertation. [4] Indeed, the polyester-recycling process that has developed over the years has 

now reached a mature age at which consumers can not only buy products that contain recycled 

polyesters, but can also support recycling through selective waste management. 
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Figure 1. Worldwide PET Production by Region, as presented by PCI Fibres at Sinthetic Yarn and Fiber Association, Charlotte, 

NC, August 2015. 
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Table 1. Consumption of top 4 synthetic fibers by region, year, and fiber. [Reproduced from 6] 
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Most of the literature that discusses the recycling of polyester indicates that the fiber’s 

recycling capabilities can be up to 90%, depending on the country. The National Association 

for PET Container Resources (NAPCOR) reported that by the end of 2013 in urban areas of 

the United States, recycling had reached 31.2%. This recycling rate suggests that there is a 

great potential for improvement. Indeed, the available raw material will increase over time as 

the recycling rate reaches nearly 100% in the United States (yearly reports can be accessed at 

www.napcor.com). 

As governments move in the direction of requesting the industry to be more responsible 

for, or to better facilitate, material recycling even after sales, the waste stream will become 

more and more reliable and clean. We should also not forget that as the price of virgin PET 

remains stable, new and cheaper technologies for recycling PET give an added value to the 

PET recycling industry. As one might imagine, the long decomposition time in nature is due 

to the fact that no known organism is able to consume its relatively large molecules, and 

therefore, chemical or mechanical processes are necessary to do so. 

Given this context of high polyester consumption and increasing demand for polyester 

recycling, this dissertation focuses on the recycling of polyester for the fiber industry. In that 

industry, the requirement of constant physical properties and performance is very demanding; 

as can be expected, a good product comes from a good raw material. In order to monitor the 

raw material today, a set of existing methods are used to control the process. This dissertation 

is concerned with how to improve those methods. 

This dissertation describes the molecular structure of polyester, discusses recycling 

techniques, and points out important properties and concentrates in the fiber industry supply 

chain. Chapter 2 details the production of recycled polyester chips (or pellets) using thermo-

mechanical extrusion processes, as well as other relevant methods. The caveat of those 

methods is they are all destructive, requiring a comprehensive statistical sampling plan for 

quality control, as well as trained laboratory technicians, expensive equipment, constant 

calibration, and elaborate process control schemes due to data being auto-correlated. All this 

will provide information with a considerable lag-time, slowing production (due to the testing) 

unless manufacturing choses to create “buffers” so that all material being used is checked first. 



 

6 

Another challenge is that due to the nature of recycling, a lot of blended material is expected 

for each production run or batch, so a robust method must account for the multiple parts of its 

final blend characteristics. The literature review in Chapter 2 also explains and highlights the 

main properties one should be concerned with when recycling polyester, and explains what 

Raman spectroscopy and Chemometrics are. Chapter 3 describes in detail the experimental 

procedures to analyze the material, as well as the different equipment used, and the 

experimental methodology. The goal is to define the best combination of equipment and 

software. The results and discussions describe the possibilities are explored in Chapter 4, along 

with the best results achieved with in-melt measurements. This enabled a collection of a dataset 

that is discriminated using Chemometrics tools and that exemplifies causality with known 

properties such as melt temperature and melt pressure. 

Considering all the above points, this dissertation proposes to use Raman spectroscopy 

as a soft sensor in an extrusion line of thermo-mechanical recycling of polyester, combined 

with Chemometrics, using SIMCA 13 (www.umetrics.com) to provide an inline process 

analytical tool in the melt stream of the extrusion process. The dissertation provides a detailed 

pathway to the characterization of raw materials through the molecular fingerprint in-melt 

provided by the Raman spectrum; the use of this information can enhance raw material quality 

by supplying objective direction to suppliers upstream; provide guidelines for better blending 

so that the final product is more stable and reliable; and act as a soft sensor with a broad scope 

in case undesired material changes occur. In summary, the main objectives of this study were 

as follows: 

• Determine optimized Raman spectrometer configuration – spectrometer and 

probe that can provide clear spectra collection. 

• Identify data analysis methods for PET recycle melt stream capable of 

discriminating between polymeric materials and their key processing 

parameters. 

• Develop Chemometrics multivariate statistical analysis tools that accurately 

predict the melt pressure (IV, filtration performance, contamination) 

characteristics of the resultant polymer stream. 
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From an operational perspective, this dissertation addresses the following key 

questions: 

A. Can an on-line measurement system provide continuous data collection in a manner 

that would allow real-time analysis and subsequent feedback control? 

B. Are the results consistent and sufficiently accurate to adequately differentiate 

various “known” polymers individually? 

C. Can this method be used to screen new materials? 

D. What procedures are required to maintain experiment reliably for long periods of 

time? 

 

The recycle polymer will tend to change over time and the potential to use data archived 

can be great in order to verify what has changed along the time being investigated and 

also to find patterns, if they exist in the data, without having to re-run tests. 
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2 LITERATURE REVIEW 

 

The topics being reviewed in this chapter are important to show what typically 

researchers look for when analyzing polyester, this discussion happens on 2.1 with the 

molecular structure and some degradation reactions, followed by the recycling methods, on 

2.2, focusing on the thermo-mechanical recycling, on 2.3, the recycling has some key 

properties that need better understanding of what is done today typically, discussed on 2.4, 

discuss impact of recycling on physical properties on 2.5 and to support the dissertation 

methodology a discussion about Raman, on 2.6, and introduction to Chemometrics and its 

tools, on 2.7. 

 

2.1 MOLECULAR ARCHITECTURE AND DEGRADATION REACTIONS 

 

Figure 2 shows the molecular structure of the most common type of polyester on the 

market, poly(ethylene terephthalate) or PET. This molecular architecture explains the stiffness 

of the fiber and its thermal transition behavior. PET is a semi-crystalline, thermoplastic 

polyester of high strength, transparency, and safety. [5] PET is produced by the 

polycondensation reaction of a diacid and a dialcohol. In years past, the industrial practice was 

to use dimethyl terephthalate (DMT) and ethylene glycol (EG) as the two monomers for the 

production of PET by trans-esterification and polycondensation reactions. Nowadays, the 

widely used method for PET production is a poly-esterification reaction between terephthalic 

acid (TPA) and EG. [1]  
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Figure 2. Repeating unit of PET. 

 

 

The trans-esterification reaction is preferred due to the greater ease of purification, 

although esterification is widely used as well. The typical molecular weight used is around 50 

kg/mol with the intrinsic viscosity targets of 0.65 dL/g for fiber and 0.80 dL/g for bottle-grade 

resin. [7] During the PET life cycle, the characteristics of the polymer material change due to 

thermal and environmental influences. 

During production, use and recycling, degradation occurs and may limit the number of 

times PET can be recycled. The formation of the carboxylic end group via thermal degradation 

of PET was determined by Awaja et al, and Fann et al [8, 9] Their mechanism is displayed in 

Figure 3 (b). Starting from the repeat unit, the end groups of either hydroxyl from the glycol 

or carboxylic acid group from phthalic moieties may be present in the oligomers of the PET. 

The mechanism proposed by Awaja et al, and Fann et al [8, 9] is that the primary step is an ionic 

process, a β-CH hydrogen transfer leading to the formation of oligomers with olefin and 

carboxylic end groups, as shown in Figure 3. 
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Table 2. Typical PET synthesis steps and important factors. [8] 

Reaction Reactants & Degree of 

Polymerization 

Temperatures (°C) Pressure (kPa) 

Esterification Terephthalic acid 

Glycol 

240 – 260 300 – 500 

Trans-esterification Dimethyl terephthalate 

Glycol 

140 – 220 100 

Pre-polymerization Bis(hydroxyethyl) 

terephthalate 

250 – 280 2 – 3 

Polycondensation DP is increased from 30 to 

100 

270 – 290 0.05 – 0.1 

Solid state 

polymerization 

Increase degree of 

polymerization from 100 to 

150 

200 – 240 100 
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Figure 3. Thermal degradation reactions of PET.[8, 9]: (a) hydrolysis (b) thermal dissociation. 
 

 

Cyclization can occur in PET in other ways as well, such as through intra-molecular 

alcoholysis reaction (ionic), which is activated in the temperature range of 250-300°C, 

implying the attack of hydroxyl ends on the inner ester groups of the polyester chain by a 

hydrolysis reaction or the thermal degradation reaction (see Figure 4). This process results in 

the more thermally processed materials having higher acid values. 
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Figure 4. Formation of COOH via thermal degradation. [9] 
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2.2 RECYCLING TECHNIQUES  

 

Recycling processes are the most economical way to reduce PET waste. [8] The EPA 

considers “recycling” to be the processing of waste to make new articles; the literature 

normally lists 3 categories of recycling: (a) direct re-utilization, or primary recycling (pre-

consumer or industrial scrap); (b) physical and thermal reprocessing, or secondary recycling; 

and (c) chemical treatment or de-polymerization, or tertiary recycling. 

 

2.2.1 Re-utilization 

The EPA does not consider reuse to be a recycling process. Therefore, item (a) has to 

be subdivided into two categories, mechanical and thermal reprocessing. In the re-utilization 

group, the container could be reused as-is, considering that the absorption of contaminants is 

understood and considered. 

 

2.2.2 Mechanical and Thermal Reprocessing 

 

Secondary recycling, as classified by the EPA, typically involves collection, separation 

(or selective collection), washing, grinding, melting/extrusion, and 

molding/spinning/pelletization. The basic polymer (or blend of desirable polymer and 

impurities) is not altered during the process. It is recommended that the manufacturer have a 

good understanding of the waste streams and have ways to characterize them over time in order 

to recognize whether alterations occur, and if so, at what magnitude and frequency. There is a 

method by which a mechanical method can be applied to fibers, with steps that involve cutting, 

blending and opening the material; then feeding the material—which can be in a web form—

into spinning plants to obtain coarser yarns, or feeding them into non-woven plants to obtain 

yarns. 
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When an extrusion route is selected, the manufacturer will most likely use blends of a 

reactive extrusion process (where the extruder is used as a reactor) to manipulate the factors 

necessary to achieve a stable product. Those parameters are throughput (flow rate), die 

resistance, screw rotation rate, radial concentration, and barrel temperatures. Twin-screw 

extruders are most preferred due to the superior mixing performance that they achieve as 

compared with single-screw extruders. When working on this reactive extrusion process, one 

can expect fluctuation in back pressure or die pressure to be a serious problem. A study by 

Awaja et al. (2005) shows that melting behavior is affected by screw design and operation 

conditions. [8]  

 

2.2.3 Chemical Reprocessing or De-polymerization 

 

The reduction of polymers into their original monomers (total de-polymerization) or 

oligomers (partial de-polymerization) is a practice that has been used in the industry since the 

beginning of polymer production. The steps involved in this process are collection, separation, 

washing, “degeneration” or “degradation” down to the level desired (oligomer or monomer), 

and purification. With the monomer or oligomers separated, the producer then chooses the 

process, which will normally be similar to the virgin polyester production process. As shown 

in  

Table 2, in this case, a blend can also be chosen. 

The multiple re-processing routes were described by Nikles et al. (2005), and is shown 

in Figure 5. [5] 
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Figure 5. De-polymerization routes proposed in the literature [5]. 
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It is often more economical to only partially de-polymerize the recycled PET down to 

the oligomer level. [7] According to Karayannidis et al. (2007) and Altun et al. (2004), the most 

common methods for de-polymerization are glycolysis and methanolysis. [1, 10] These chemical 

methods are complicated and high-cost, yet they yield high-value products. [8] The researchers 

argue that such chemical recycling is the only method acceptable according to the principles 

of sustainable development, that is, development that meets the needs of the present generation 

without compromising the ability of future generations to meet their own needs. The process 

is sustainable, because it leads to the formation of the raw materials (monomers or oligomers) 

from which the polymer is made. [1] This perspective, while simple and direct, is highly 

disputed for reasons explained later in this dissertation. 

 

2.2.4 Incineration 

 

The combustion of a polymer is another way to recover energy and therefore reduce 

the material’s volume. According to Nikles et al. (2005), one kg of heating oil has an 

approximated net calorific value of 10.2 Mcal, whereas 1 kg of plastics releases 11 Mcal worth 

of energy. For comparison, 1 kg of charcoal briquettes has a net calorific value of 4.8 Mcal. [5] 

Assuming those numbers are correct, one could extrapolate that burning 1 ton of plastic waste 

could save approximately 250 liters of heating oil. The downside to this technique is the 

necessity of conforming to stringent emission regulations. 
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2.3 THERMO-MECHANICAL RECYCLING 

 

Thermoplastics are continuing to grow within the industry due to the availability of 

increasing amounts of clean, uncontaminated plastic scrap [4]. As the name “thermoplastic” 

suggests, the main advantage of such a material is that it can be re-processed through a thermal 

process. 

In general, recycling centers are working to control many factors or properties, such as 

composition and degradation, as well as the presence of impurities such as adhesives, 

pigments, metals, contamination particle sizes bigger than a critical size, etc. An easily 

accepted concept is that any polymer incompatibility will be reflected in poor dispersion of the 

components and low interfacial adhesion, which negatively affect the physical–mechanical 

properties. Procedures for creating effective compatibility were suggested by Pracella et al. 

(2002), presenting the effects of type and content of reactive compatibilizer, as well as of 

mixing procedures, on the interfacial interactions and phase behavior of the components. [11] 

Three waste stream groups were distinguished on fiber production by Altun et al. 

(2004) [10]: (a) free-fall polymer at the head of extruder; (b) partially oriented waste without 

spin finishes; and (c) drawn waste from processes like winding and texturing. 

 

 

Figure 6. TVE Plus, from EREMA. [12] 
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A typical extrusion system for recycling is illustrated in Figure 6. This system is 

proposed by EREMA, and works with feeding ➊ being automatic according to process needs 

and/or requirements, followed by a cutter compactor ➋ in which the material is cut, mixed, 

heated, dried, densified, and buffered; at this point, the material is ready for extrusion. [12] The 

tangentially connected extruder is filled continuously, and some extruders will have a camera 

at this entrance point to show material flowing. In the extruder screw ➌, the material is 

plasticized and degassed in reverse. At the end of the plasticizing zone, the melt is directed out 

of the extruder; cleaned in the fully automatic, self-cleaning filter ➍; and returned to the 

extruder again. The final homogenization of the melt ➎ takes place after the melt filter. In the 

subsequent degassing zone ➏, the filtered and homogenized material is degassed. The melt is 

conveyed by a metering zone to the respective tool ➑ (e.g. pelletizer) at extremely low 

pressures. This system does not specify filtration size, but filtration levels normally go down 

to 20 μm in multiple phases. The pelletizing system sometimes uses water as a cooling 

medium. 

The blending of scrap polymers that are within certain defined conditions will provide 

an alternate route for marketing recycled compounds with satisfactory cost and performance, 

as discussed by Pracella et al. (2002), and industry success has been achieved with polymer 

separation by MBA polymers (www.mbapolymers.com). [11] This achievement reinforces the 

fact that recycling relies on the development and utilization of cutting-edge technologies and 

manufacturing processes for multi-component or selective mono-component polymer systems. 

Re-pelletizing will result in degradation of the polymer, adversely affecting its properties. 

Blending of the high molecular weight waste with virgin polymer adversely affects the color 

and melt viscosity of the polymer. [5] This blend approach was also discussed by Lei et al. 

(2009), where a combination of PET and PE was analyzed yielding unusual properties. [13] 

The authors argued that the blends can be less brittle than PET and may no longer need to be 

dried before processing. The blends are generally stiffer, better-flowing, and faster-cooling 

than high-density PE (HDPE); therefore, they tend to mold and extrude with faster cycles and 
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higher outputs. However, these blends also require intensive work on compatibility because 

they are inherently incompatible. 

 

 

2.4 IMPORTANT PROPERTIES AND OBSERVATIONS 

 

2.4.1 Molecular weight and Intrinsic Viscosity 

 

The molecular weight of PET is of major importance in the recycling process because 

it has a dominant effect on melt viscosity, and consequently upon process performance and 

product properties. The molecular weight test used in several studies [3, 5, 8, 9, 14, 15] was gel 

permeation chromatography (GPC); in these studies, the discussions led to the consensus that 

molecular weight decreases with increased content of recycled PET in a blend with virgin chip. 

In the industrial environment, the typical testing to determine the molecular weight of 

PET is performed indirectly by testing its Intrinsic Viscosity (IV) using a capillary viscometer. 

Of those studies that have evaluated molecular weight, only two tested the Intrinsic Viscosity 

[9, 14] on the raw material, and the authors of the other studies chose to accept the certificate of 

analysis IV provided by suppliers. In order to determine material consistency, it is 

recommended to combine rheology measurements with filtration measurements on a number 

of samples taken over a period of time. Of the literature reviewed for this study, all the authors 

agreed that viscosity drops due to thermal degradation. 

 

2.4.2 Carboxyl end-group content 

 

The processing method that was designed by H.A. Pohl from E. I. du Pont de Nemours 

& Co. in 1954 is a great indicator of degradation level or chain length. Several authors [9, 11, 15, 

16] used this method to quantify the degradation level of PET on recycled material. 
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When comparing virgin and re-melted fiber waste, Altun et al. (2004) [10] found almost 

a 2-fold increase in COOH end groups on the re-melted versus virgin fiber, while Fann et al. 

(1996) [9] found a three-fold increase from virgin to recycled material. Being a test that requires 

less than 10 minutes to perform, one would expect to see more papers using the test in their 

analyses, but this is not necessarily the case when dealing with recycled PET material. The 

degradation of the polymer when recycled can be seen in different ways, such as a decrease in 

viscosity, which will support the increase of COOH groups. Another point to verify is the DEG 

levels; one should expect to see differences between virgin and recycled material, and 

degradation is expected to come also from spin-finish and dyes. 

 

2.4.3 Differential Scanning Calorimeter (DSC) 

 

Thermal analysis using ASTM D3418 provides a curve where glass transition regions 

and melt point regions of the samples can be determined and analyzed. In addition, cooling 

curves allow crystallinity to be measured indirectly. This test requires a considerable amount 

of time and precision to be able to use the results; one should not depend only on it, but use it 

as a reference because it will detect significant molecular structural changes and facilitate the 

mapping of the material phase behavior. [8] Multiple runs shall be performed to define the 

crystallinity of the polymer component. [3, 11] 

In general, bottle-grade PET has a melting temperature (Tm) between 255 and 265 °C. 

Oromiehie (2004) [3] noted that Tm decreased with increasing ratio of recycled PET in blends 

with virgin PET. The glass transition temperature (Tg) varies between 67 and 140 °C depending 

on the crystalline structure present. PET is recognized for its slow crystallization rate. During 

cooling, on a DSC curve, the maxima are normally between 170 and 190 °C, which is 

frequently described as Tc. Researchers found a higher Tc with a higher content of recycled 

material than for virgin blends. [3] Oromiehie (2004) [3] cautioned that destructive 

measurements like this can be precise, but not accurate because of sample size limitations; in 

contrast to bulk production, in recycling, one should not expect homogeneity. 
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Another important test method is the dynamic cooling crystallization, which is a 

versatile DSC tool for the study of crystallization (not under stress) and can be used to detect 

the individual crystalline behavior of the material. [17]  

The crystallization rate of virgin PET, which depends greatly on temperature, reaches 

its maximum at a temperature of 150-180°C, rightly identified [8] in a discussion of the 

properties of virgin PET. One expects that recycled polymer, due to its impure characteristics 

and the additives used in bottle resin, will behave on its own depending on its content, so 

transition temperatures or characteristic temperatures are a good method for characterizing it. 

As discussed in Van Krevelen (1990), the transition temperatures can be predicted based on 

group contribution increments, if they are known. [18] With that in mind, and referring back to 

possible degradation, we can argue that the recycled material must have more variation than 

the virgin material simply due to the constant composition change that the material is subjected 

to while being blended, produced, filtered, and so forth. No reference to this molecular 

architectural approach is found in the literature, even though differences on melt point and 

crystallization are mentioned in several studies [9, 10, 17], which recognized that the change in 

crystallization mechanisms are mainly a result of the competition between nucleation and 

growth of crystallites in response to the temperature-controlling factor at the melt state. The 

rates of the competing processes, nucleation and molecular mobility (molecular transport), 

oppose one another. Studies have shown that diffusion is the controlling factor at low 

temperatures, whereas at higher temperatures the rate of nucleation dominates. As expected 

from the theory, the growth rate passed through a maximum where the two factors are equal in 

magnitude; both recycled and virgin material will follow this model. The difference found [17] 

between virgin and recycled polyester material was approximately 45°C lower in the 

crystallization temperatures, respectively, where in the melting temperature, the difference 

from recycled to virgin materials was 5°C higher, respectively. Note that the recycled materials 

seemed to carry more orderly regions, so more energy was required to melt those regions than 

virgin materials. These results indicate that when temperature is removed from the polyester 

material, crystallization during cooling starts earlier in the recycled polyester materials, and a 
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more crystalline structure in the recycled material is found at the final product when compared 

with virgin material.  

 

It is noted that even though the addition of isophthalic acid (IPA) is a common practice 

in the bottle industry to slow degradation, the literature reviewed does not mentioned this fact 

or associated it to the changes found in the measurements of the phase behavior. 

 

2.4.4 Color Readings 

 

Degradation of a material has a large impact on its color, and one way to perceive such 

changes is by measuring the color of the chips or as-spun fibers. Another source of coloration 

change is the presence of fragments of colored bottles and printed ink labels. In the later cases, 

such contaminations can be reduced by enhancing the sorting and washing process. [8] The 

color readings of waste streams or raw material, as well as cutting-edge inline color 

measurements (normally at the extruder for melted fiber), can enhance process control and 

allow containment in cases of off-quality events. Spectrophotometers can provide device-

independent CIE L*a*b* color space, where the “L*” axis represents the lightness or 

brightness of the image, the “a*” axis runs from red to green, and the “b*” axis runs from 

yellow to blue. 

Films require specular gloss tests using ASTM D2457 and haze measured by ASTM 

D1003, as well as percentage transmittance of light recorded using a spectrophotometer in the 

visible 400-700 nm region. [4] 

As a side note, opacity, when observed, can be attributed to different degrees of 

crystallinity because turbidity is often an indicator of crystallinity in PET materials. For 

example, the clearest samples of PET are the virgin blown-grade resin or flakes. [17]  
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2.4.5 Thermal Stability - TGA 

 

Thermogravimetric analyzers, such as DuPont (2000), can be used at a heating rate of 

10°C/min under nitrogen atmosphere to provide the percent weight loss under a wide range of 

temperatures. These measurements can provide a thermal stability ranking to the raw material 

used and eventually specify minimum requirements for a desirable performance. Another 

approach for this method is to verify the stability of the material at an isotherm, which will 

define maximum residence times allowed for the material, facilitating the prediction of 

degradation during the processing—in others words, predicting how long the material will be 

stable at that isotherm. [14]  

 

2.4.6 Fourier Transform Infra-Red (FTIR) 

 

Infrared methods of analysis are extremely popular due to their non-destructive nature. 

The wavelength range in this case is between 400 and 4400 cm-1. [11] The resolution and 

number of scans can be adjusted depending on the instrument; normally, thin films are prepared 

by compression at 270 °C. [14] This approach, while very good, can be further improved if 

correlations and online measurements are obtained with this technology; however, this was not 

the case in the reviewed papers. Researchers [14] could monitor the efficiency of the chain 

extender (hexamethylenediisocyanate, HDMI) by observing the absence of the characteristic 

peak of NCO groups situated at 2270 cm-1 because all NCO groups reacted with the end groups 

of PET. 
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Table 3. FTIR spectrum of PET, extracted from reference [8]. 
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In this field of research, the most difficult part of a spectrum is defining the orientation 

and conformation of molecules. Thanks to extensive research in the area, many of those 

properties are defined in the literature; Awaja et al. (2005) [8] compiled the current knowledge 

of the wavelength and its meaning in terms of structural conformation; the list in Table 3 gives 

an idea of those conformations, refer to the original article on page 1470 for the references as 

well. 

 

2.4.7 Rheometer 

 

Apparent viscosity can be measured on a single screw extruder in the lab or by using a 

piston to press material through an orifice; it is a simple method but not widely used according 

to the papers reviewed. The only authors to use this method were Pracella et al. (2002) [11], 

who used apparent viscosity to analyze the blends and observed that melt viscosity increased 

with strong intermolecular interactions of the polyester with epoxy-functionalized polyolefin. 

Given this methodology’s intrinsic predictive power, plus its ability to rank the raw material 

used, it is troubling that researchers have not yet explored this option to the fullest. 

 

2.4.8 Polymer Stream Filtration 

 

Two standards that are very similar in concept, but slightly different in dimension, are 

the European EN 13900 and the ASTM D3218. The purpose of these standards is to enable 

researchers to register the pressure behavior of a polymer melt over a period of time against a 

defined filter media, normally 20 μm. The current literature makes no mention of this test, 

although a few articles do mention supplier maximum impurity levels in ppm, as stated on the 

certificate of analysis (COA), provided by the raw material suppliers. 

In Figure 7, one can observe the following: Ps – start pressure (bar); Pmax – maximum 

pressure, (bar); ts – time when Ps is measured; tb – time to stop feeding more material (close to 

the end of the test); and te – end of the monitoring of pressure. In general, what happens is that, 
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in region 1, the test starts and takes a few seconds to stabilize; then, once it stabilizes, region 2 

may or may not have a slight dip prior to the start of pressure; finally, when maximum pressure 

is reached in region 5, it is recorded. The rate of pressure increase can be recorded by 

calculating the slope of the curve. Because each waste stream or batch can vary, this method 

will characterize each one and show whether there are any variations or problems that need to 

be known. 

 

Figure 7. Typical curve of pressure versus time (extracted from EN 13900 [19]). 

 

 

Given the importance of nucleation and how it is influenced by particle size, 

distribution, and quantity, as theorized by Van Krevelen (1990), one would expect the subject 

to be more widely discussed in the academic literature. [18] In industry, the test is used to help 

predict pack changes in melt spinning and the frequency of filter changes, as well as to 

characterize incoming raw material. 

The researchers [10] did list filtration as an important method to catch degraded polymer 

parts and dust inside the material, as well as to help mix the material for better homogenization 

of the material. 
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2.5 PHYSICAL PROPERTIES  

 

It is appropriate to start the discussion of physical properties with moisture content 

because of its large effect on molecular weight. The moisture content has to be checked or 

controlled early in the process because moisture in melt spinning provokes hydrolytic scission 

of chains, with consequent reduction in molecular weight and intrinsic viscosity. The result 

can be a catastrophic reduction in fiber properties (Figure 3 and Figure 4), and degradation 

reactions. Most of the material’s water content comes from the flake-washing process. [8] 

Misra et al. (2000) [3] attributed molecular weight loss to the fact that recycled PET was more 

sensitive to thermal and hydrolytic degradation than virgin PET, arguing further that the 

probable cause of degradation is the simultaneous presence of retained moisture coming from 

the specific surface area of scraps being much greater than that from pellets and contaminants. 

It is well understood and noted by now that the existence of thermal and hydrolytic 

degradation in the processing of PET (it exists in both virgin and recycled, being more evident 

and troublesome in the latter), reduces molecular weight, intrinsic viscosity, and consequently, 

the mechanical properties of the PET materials. The work of Misra et al. (2000) [3], using 

blends of virgin with recycled polyester, showed variations in melt and crystallization 

temperatures and in crystallinity. Their argument was that thermal cycling releases the 

entanglement and increases crystallinity, causing mild degradation. Recycled PET is able to 

crystallize, and the more oriented segment is retained. What is missing in the work on recycling 

is the evaluation of 100% recycled material itself and its unknown material composition. In 

order to overcome such a gap, the study by Torres et al. (2001) [14] suggested chemical 

modification through the addition of chain extenders during processing. This approach has its 

appeal because, from an industrial point of view, it does not add any steps to processing: it can 

be done directly in the extruder during melt processing. The work of Awaja et al. (2005) [8] 

noted that di- or poly- functional chain extenders were preferred due to their higher reaction 

rates and lack of by-products. 

In the case of films, ASTM D882 test method is used for tensile strength and elongation 

at break, while ASTM D1922 is used for tear strength, ASTM D265 for impact strength, and 
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ASTM D77 for burst strength. [4] The physical–mechanical tests performed by Misra et al. 

(2000) [4] on both machine direction (MD) and transverse direction (TD) were the tensile 

strength, elongation, tear resistance, impact strength, and burst strength; the author selected 

two properties to discuss: tensile strength and elongation. Figure 8 illustrates the effect of blend 

ratios of recycled PET normalized to the virgin material for several of these properties. This 

way, one can easily make inferences on the general behavior of the blends. The experiment did 

not provide standard deviations of each value or a clear characterization of the so-called 

recycled material. It is the author’s opinion that describing recycled material requires special 

care to avoid misleading others because material composition varies from region to region or 

supplier to supplier.  

There is a distinct difference between machine direction and transverse direction 

intrinsic to the process of film dimensions. The observation that tensile strength and virgin 

content can have a steady direct proportionality, and at the same time, the inverse 

proportionality between elongation % and virgin content is clearly seen here. The lower 

crystallinity levels in the blends possibly due to the recycled material impurities level being 

higher would justify the increase on elongation. Misra et al. (2000) [4] mentioned a reference 

that had similar behaviors on tensile strength, but did not cite nor justify the elongation results 

behavior.  

Other researchers [3, 7, 11] who also discussed the tensile strength of recycled materials 

versus virgin reported a similar elongation increase but did not recognize the trend, which 

would be useful for further studies. The work of Fann et al. (1996) [17] did report a 10-fold 

elongation increase while blending recycled material with virgin material; their explanation of 

the behavior was that smaller crystallites with a broader size distribution contribute to 

elasticity; this acknowledgement was considered “an improvement of the property”.  
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Figure 8. Results on tensile strength and elongation versus virgin content from reference [4].  
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Few of the papers reviewed demonstrated concerns about proper characterization and 

evaluation of recycled materials over time; instead, most authors appeared to assume that the 

so-called “recycled” material is immutable and therefore has defined morphology. Based on 

the crystallization kinetics of polymer and later it’s degradation kinetics, one understands how 

critical nuclei sizes and numbers can be in, for example, virgin polyester. Therefore, the 

assumption that all “recycled” material is the same is risky. An attempt to verify the presence 

of PVC content in a recycled material was confirmed by heating half-kilo samples of PET at 

180°C, collecting the darkened particles, and weighting them. [15] The research of Awaja et al. 

(2005) [8] does discuss “minimum requirements” for flakes to achieve successful PET 

recycling, and they argued that the major factor affecting the suitability of post-consumer PET 

flakes for recycling is the level and nature of contaminants present in the flakes. This is because 

contamination is the major cause of deterioration of PET physical and chemical properties 

during re-processing; thus, minimizing contaminants will result in better recycled material. 

Any acid will act as a catalyst for chain scission reaction during recycling of PET; examples 

include acetic acid (from PVA), rosin acid and abietic acid (from adhesives), and hydrochloric 

acid (from PVC). 

When dealing with thicker materials like the ones studied by Fann et al. (1996) [9] it is 

recommended to observe and understand the behavior of the material’s skin versus its middle 

and core. Because skin cools more quickly than the middle or the core, causing it to have more 

amorphous regions, the heat dissipation of the body allows crystallization in the middle or core 

before cooling takes place. These differences can be significant or not, depending on the size 

of the body and the process used. When comparing same-sized bodies, researchers showed that 

the crystallization (or degree of crystallinity) difference exists between core and skin of the 

material. [9] It is striking that even though this behavior is expected, the rate is much higher on 

recycled materials of the same polymer; in fact, it is fair to say that working with the recycled 

material is almost like dealing with a new polymer. On the other hand, when dealing with thin 

material like bottle-blowing processes, where a maximum stretch ratio of about 16/1 is 

desirable, one should avoid the formation of low levels of crystallinity that can be formed with 

recycled material due to the presence of nucleating particles (contaminants). [8] This process 
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involves other factors as well because the stress-induced crystallization initiates after reaching 

the lowest critical orientation level, which is the thermal crystallinity content, molecular 

weight, and process conditions. 

Some researchers have analyzed linear mass variations (Uster) with no reference to the 

possibility that the impurities could be changing dielectric properties of the polymer, thereby 

influencing the measurements. [7] The discussion section of Uster’s paper characterizes the 

results as being comparable to virgin PET. This research group was the only one to refer to 

back pressure rise of recycled versus virgin material, citing an incredible 300-fold increase 

when adding just 20% recycled flake to a blend with virgin flake. This result strongly suggests 

the need to explore filtration techniques and its influences on the entire manufacturing of 

recycled products, yet no further discussions were found in the paper. While discussing blends, 

Pracella et al. (2002) discussed the existence and importance of controlling particle size. [11] 

This approach influenced the interfacial force acting between PET and PE; the author believes 

that a similar approach to impurity can determine the influence of particle size on impurity. 

Another property that can be affected is color; in polyester most of the time coloration 

change occurs due to degradation. The market normally accepts small degrees of variation in 

color, which is seen mainly on the b* numbers (blue) and not as much on L* and a*; of course, 

consistency of color is a must. Problems can occur when there is no dyeing involved, and a 

true white is desirable. In practice, the addition of stabilizing chemicals and optical whiteners 

is used to mask coloration changes. The work of Upasani et al. (2011) [7] reported b* increases 

after blending 20% recycled material with virgin; the coloration change seen by Fann et al. 

(1996) [9] was a 2-fold increase on b* from virgin to recycled material, and they observed that 

changes were detectable. In other words, one should expect recycled materials to be yellower 

(higher b* value) and duller (lower L* value) than virgin. As mentioned in the previous 

paragraph, one should not always expect the same results from the recycled material if raw 

material characterization is limited. The work of Altun et al. (2004) proved this point when 11 

samples of recycled material were tested. Each b* result was different and nearly 2-times 

higher than the virgin material. [10] The researchers made no mention of the utilization of 
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camera systems or spectrometers to avoid misconception due to samples of small areas. To 

improve sample representation of the system, statistical techniques can be used. 

While discussing blends of recycled PET with polyolefins, Pracella et al. (2002) used 

apparent viscosity to analyze the blends and observed that melt viscosity increases with 

functionalized polyolefins as compared to non-reactive R-PET/R-PE. [11] The presence of 

stronger inter-molecular interactions of the polyester with the epoxy-functionalized polyolefin 

generates a higher melt viscosity, which is observed over the entire shear range examined for 

the R-PET/E-GMA (ethylene-glycidyl methacrylate) blend, with respect to blends with E-AA 

(ethylene-acrylic acid) of HDPE-g-MA (methacrylate). In this study, the blend was made under 

nitrogen flux to reduce degradation even though this added cost to the process.  

 

Figure 9. Apparent melt viscosity versus shear rate on binary blends. [11] 

 

The other important point that this research demonstrated was the effect of the blend’s 

homogeneity on the stress-strain curve. Clearly the mechanical properties improve with better 

homogeneity; the manufacturing processes that deal with this blending of material needs to 

recognize this aspect of the process and control it. The controlled addition of additives was 
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also suggested by Altun et al. (2004), and their recommendation was to have a special device 

such as a dosage unit mounted at the entrance of the extruder. [10] 

After several investigations on degradation, Giannotta et al. [15] developed an 

innovative laboratory-scale apparatus operating as a continuous re-circulating system; they 

developed two approaches to the process: (A) characterization of the materials as received and 

after a single passage in the extruder; and (B) continuously re-processing a given amount of 

material in the extrusion apparatus while periodically extracting samples for characterization. 

In the context of approach, A, the stability was evaluated by plotting melt viscosity as 

a function of time at constant temperature and shear rate. Approach A resulted in clear viscosity 

reduction over time for recycled product, and much faster reduction than for virgin material. 

This finding makes evident the need to pay attention to residence time while dealing with 

recycled materials. By contrast, approach B was used to achieve residence time above any 

normal residence time in conventional processes. The result was that the post-consumer PET 

(from bottles) reached an IV of 0.45 dL/g in 30% of the time that virgin material took, starting 

from the same initial viscosity of 0.8 dL/g. This finding recalls the previous analysis, where 

recycled material deteriorated at least 3 times faster than virgin material, independent of the 

way it was analyzed. Another point that the researchers were able to prove was the importance 

of measuring the change of the carboxylic acid end-groups over time in a close-loop extrusion. 

In other words, if the number changes, it can be readily attributed to degradation; the results 

showed an increase of meq/kg, 5 times faster on recycled material than virgin material. This is 

the magnitude that the recycle manufacturers should keep in mind while dealing with 

degradation of recycled material versus virgin material. 

 

2.6 RAMAN 

 

Academia and industry alike appreciate non-destructive methods for characterization 

because these methods are accessible and reliable, and they use available data for online 

monitoring or process control. One characterization tool, Raman spectroscopy, uses lasers and 



 

34 

polarized scattering to characterize any non-metallic material. The tool is based on 

Chandrasekhara Venkata Raman’s 1928 discovery of inelastic scattering of light, also known 

as the Raman Effect. [20] This is one of two types of scattering that can occur when 

monochromatic light is applied to a material. The other type of scattering, known as Rayleigh 

scattering, does not involve energy transfer between molecules and the incident photon. 

Instead, the scattered photon has the same energy as the incident light. By contrast, inelastic, 

or Raman scattering [20], involves the exchange of energy between incident photon and 

molecules where the scattered photon energy differs from the incident photon energy. Raman 

scattering is a two-photon event. The interaction of the polarizibility with the incoming 

radiation creates an induced dipole moment in the molecule, and the radiation emitted by this 

induced dipole moment contains the observed Raman scattering. [21] The monochromatic light 

used most often in Raman spectroscopy is a laser with a wavelength that varies from 532 to 

785 nm.  

Figure 10 illustrates how a typical Raman spectrometer works. A laser beam is fired 

through a window and is reflected by the dielectric mirror. A series of filters guides the photons 

to the sample. Photons reflected from the sample are gathered by a set of mirrors and focused 

through the entrance slit to the grating double monochromator, which reduces stray light from 

“dirty samples.” The photomultiplier tube detects scattered light and transforms the light into 

an electrical signal. [22]  
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Figure 10. One example of one type of Raman spectrometer schematic. [22] 

Current progress in laser technology and photon detectors has made Raman 

spectroscopy more accessible to users, enabling surface tests from 5 μm to 9 mm, depending 

upon the device. Table 4 below presents a non-comprehensive summary, with respective 

references, of the various properties that can be measured using Raman spectroscopy. 
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Table 4. Properties measured using Raman Spectroscopy 

Properties measured References 

Crystallinity, orientation, birefringence [23, 24, 25] 

Concentration on Monomer blends [26, 23, 27] 

Moisture content [28] 

Polymerization Kinetics [23] 

Morphology [23] 

Identification and Classification [29] 

Mechanical Properties [30, 31, 32] 

Fiber density [31] 

 

Commercial industry has also developed unique devices and methods for specific 

polymers or properties of interest. 

 

2.6.1 Use of Raman in Polymers 

 

This section discusses polymer crystallization, orientation, and reaction with respect to 

the Raman shift spectrum. Spectral analysis is performed in order to discover what region or 

peak has the greatest correlation to the target factor being studied. The literature indicates that 

most researchers focus on specific bands when determining which ones are the most important. 

The usual recommendation in the literature is to focus on the most important peaks and put 

limits on the other regions. Peaks that do not move away from a “normal” or known region, 

are used to define the most common or desired behavior; if they go to unusual intensities or a 
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new peak surges, the region of interest may be compromised, and the researcher needs to be 

aware of this possibility. 

The use of the spectroscopy technique for polymers was discussed in a classic work by 

Everall [23], who agreed with Stuart [34] on the common peak assignments of PET. Researchers 

have established the typical band assignments for polystyrene in a compositional measurement 

with a terpolymer of methyl methacrylate (MMA), butyl acrylate (BuA), and styrene along 

with a di-unsaturated cross-linker. In this study, the author uses the unique peak ratios to show 

the mass ratio of the composition, and the same concept could be used on copolymers such as 

cationic PET or polyamides.  

As shown in Barnes and colleagues [26] (see Figure 11), (a) the change in Raman spectra 

of ethylene vinyl acetate (EVA) melts with time during sequential extrusion from 2 to 43.1 

weight % of vinyl acetate (VA), and (b) showed step-wise increase in the integrated area of 

the band 630 cm-1 with increasing VA content during real-time extrusion processing. This 

research group used a Holoprobe™ analyzer from Kaiser Optical Systems Inc. The 

copolymers’ in-line spectra were collected over 1 min with 28 seconds of exposure time over 

one accumulation, with a nominal resolution of 5 cm-1. The 630 cm-1 band in this polymer 

describes the O‒C=O deformation. After the spectra were collected, the Partial Least Square 

(PLS) regression was used to model the spectra captured and they were later correlated to the 

chemistry changes or PET. To define the degree of polymer conversion, the same research 

group observed the 1660 and 1568 cm-1 range to study changes over cure time, thus reinforcing 

the non-invasiveness of Raman spectroscopy. This research demonstrates Raman to be a 

sensitive method for composition determination, one that allows for quantitative analysis of 

data using Chemometrics methods such as PLS models. 

The Raman spectroscopy approach allows one to utilize batch-to-batch records, which 

can be used to develop a batch process control scheme that considers such spectral change 

relationships. Researches can then analyze the reactions taking place over an extended period 

of time, during the reactions themselves, such that unusual batches can be readily identified. 

In the example given [26], only one band was considered, but considering the entire spectrum 

can provide a more robust discrimination for batch control in real-time.  
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Several researchers have utilized the Raman spectroscopy technique [24, 25, 34-42] to look 

at crystallinity and orientation of fibers but they have not used Raman to characterize the melt 

stream. Stuart (1996), for example, cited the relation of intensity and amide in two specific 

bands (1636 and 1280 cm-1) for polyamides. [34] 

 

 
Figure 11. (a) Change in the Raman spectra of EVA melts with time during sequential 

extrusion from 2.0 to 43.1 wt% VA; (b) step-wise increase in the integrated area of the band 

at 630cm-1 with increasing VA content during processing [26]. 

 

To further illustrate the technique with some examples found in the literature review, 

four polymers that have relevance in the market today are polyethylene terephthalate (PET), 

polypropylene, nylon 66, and poly(lactic acid). PET will be detailed in the next section. 
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2.6.2 Polyethylene Terephthalate (PET) 

 

Few sources in the available literature readily elaborate on the application of the Raman 

technique to PET. The author believes this is in part because the industry is not prone to share 

knowledge in a systematic way using the scientific journals. 

Raman spectroscopy can be used to capture the architectural conformation state in 

polymers, in this case poly(ethylene terephthalate). The summary provided by Painter et al. 

[43] synthesizes the various work on normal coordinate calculations for PET, describing the 

valence forces, the potential energy distribution, and the calculated frequencies. Most 

polyester-related studies that are published report the effects of Raman scattering on its 

molecular orientation. 

Many researchers [25, 37, 38, 44-47] have used Raman to measure density, birefringence, 

orientation parameters, phase behavior, and shrinkage in poly(ethylene terephthalate), citing 

its historical developments and providing solid references as support. The studies that clearly 

listed bands identified in their studies enabled us to summarize those bands in Table 5. 

In 1972, the theoretical Raman band assignment for orientation was identified as 1616 

cm-1, and this band assignment has been utilized extensively in other polyester molecular 

orientation studies [25, 44, 51]. Several studies have reported that the Raman orientation band 

varies as a function of spinning speed, while the 998 cm-1 Raman band is correlated with 

polyester crystallization levels. For orientation analyses, it is necessary to make polarized 

measurements, while the draw ratios and annealing are major factors changing peak intensities. 

Another important point in the discussion of PET has been the observation that PET 

crystallizes slowly except when oriented, leading to chain segments being oriented by the 

elongation of the polymer melt. These chain segments crystallize many orders of magnitude 

faster than the un-oriented chain segments, resulting in highly oriented crystals; in this 

crystalline region, the ethylene glycol will be in all-trans conformation. 
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Table 5. Relevant PET bands [48-50] 

Band cm-1  Assigned group from literature or relevant band info 

30-129 Bands in this region change with annealing of the polymer 

626-631 Ring mode 6b, benzene ring, good for the prediction of density 

701-702 Ring mode, good internal standard band for both density and birefringence 

795 Can be used as internal standard 

857 Mainly ring CC and C(O)-O stretching 

993 
Symmetric stretching of the O-CH2 bond and the stretching of the C-C bond in the ethylene 

glycol units in all-trans configuration (non-crystalline region) 

996 Good for the prediction of both density and birefringence as a ratio of band 702 cm-1   

998-1000 

Symmetric stretching of the O-CH2 bond and the stretching of the C-C bond in the ethylene 

glycol units in all-trans configuration (crystalline region), pure Lorentzian band, that is 

vibration originates from a single environment. 

1030 Gauche configuration of the ethylene glycol unit of PET, also called amorphous band. 

1092-1096 
Combined vibration of benzene ring CC stretching, CC stretching in the ethylene glycol 

unit, and ester C(O)-O stretching, ring mode. 

1119 C(O)-O stretching and ethylene glycol CC stretching 

1295 C(O)-O stretching 

1310 Ring CH in plane bending 

1418 CCH bending and OCH bending 

1462 CH2 bending and OCH bending 

1614-1616 

Symmetric stretching of the C1–C4 – carbons of the benzene ring, good for the prediction of 

birefringence as a ratio with the 702 cm-1 band, is believed to provide the average 

molecular orientation of the polymer chains. Mode 8a of benzene ring. 

1725-1730 
Carbonyl –stretching mode, C=O, good for the prediction of density as a ratio with the 702 

cm-1 band, peak range should be correlated to density. 

 

All research on the subject thus far has been based on extracting information using 

Raman to achieve both the second- and fourth-order Legendre polynomials. The work 
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described above illustrates the importance of distinguishing between the effects of chain 

conformation (intramolecular) and those of chain packing (intermolecular). 

The polymer publications from Horiba (www.horiba.com) have shown the crystallinity 

bands to be at 1730 cm-1, in agreement with Lesko et al. [38], but in disagreement with Young 

and Everall [32, 36], who chose 1610 to 1616 cm-1. Interestingly, Everall [52] agreed with Lesko 

et al that a 1730 cm-1 C=O stretching band correlates with increasing PET density, as a function 

of crystallinity. For the Raman band 1730 cm-1, the stretching of C=O correlates to polyester 

density, but oriented samples will behave differently than isotropic ones. The Raman band 

1094 cm-1 correlation with density were found independently for both isotropic and oriented 

samples. In other words, one model is not enough to describe all samples. It is advisable that 

the avid reader refer to the relevant references [36, 37, 44], which describe the entire relation of 

intensities to orientation parameters. The discussion is based on the classical relation between 

optical anisotropy or birefringence and molecular orientation: 

  ∆�= ∆�(���)〈��〉 Equation 1 

 

where ∆� is the observed optical anisotropy, ∆�(���) is the intrinsic birefringence, and 

〈��〉 is the mean second-order Legendre polynomial of the orientation distribution function or 

Herman function. (〈��〉 = � means no average molecular orientation, and 〈��〉 = � means full 

alignment of the molecular units in the parallel direction. 

The work of Stokr et al. [53] describes the conformational structure of PET and provides 

a table with more than 40 wavelengths and the potential energy distribution for that band. 

Young et al. [32] discuss stress and strain relationships from the optics of Raman on their 

monitoring deformation processes in a high-performance PET study. 

In the published research of Everall et al., the chosen methodology was the partial least 

squares modeling technique, used for calibration of Raman spectra in terms of density and for 

the creation of the model; the Raman bands selected to describe density were 1730, 1094, 994, 

and 860 cm-1. [52] The present work is one of the few that utilizes Chemometrics pattern 

recognition and calibration for analysis of Raman spectra data. A univariate approach, where 
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a single independent peak correlates directly with the property of interest, is often inadequate 

due to band overlapping and/or complex correlation relationships. When using the described 

techniques, no sample preparation is necessary. In conducting this work using Chemometrics 

software, the author noticed that for PET, the spectral region of 600 to 1800 cm-1 contained all 

the major peaks of interest, as indicated on Table 5 above.  

Using clustering techniques, Everall et al. [52] showed that single-link clustering can 

discriminate samples based on previous principal component analysis, and this qualitative 

analysis shows reasonable grouping by type and density. The chosen analytical technique was 

a Hierarchical Cluster Analysis (HCA), and the visual representation was done using a graph 

called a Dendogram. 

 

 
Figure 12. Conventional Raman Spectra of PET. Note the influence of a 2h annealing at 
150⁰C of a virgin chip on the spectrum (a) virgin chip and (b) annealed from [52]. 
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Figure 13 shows an example of the “hierarchical cluster.” To generate this result, 

Raman data samples were separated into two main groups, the upper half (PET 44 to 52) 

containing isotropic samples. The next subdivision on this upper part were the PET samples 

from 43 to 52 with densities below 1.37 g/cm-3, while from PET 44 to 49, the densities were 

in excess of 1.38 g/cm-3. The illustrations display the power of the methodology as used in 

1994 and demonstrate its strength as a preliminary classification method even today. 

 
Figure 13. Dendogram of PET samples; example extracted from Everall et al. [52]. 

 

By applying partial least squares (PLS) for the density modeling, Everall et al. found 

that the first factor essentially distinguishes density, whereas the second factor differentiates 
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samples primarily on the basis of orientation. The two factors accounted for 47% and 22% of 

the variance in the model, respectively. From the loading analysis, the bands that predicted 

density were found to be 1094, 997, and 860 cm-1, whereas the ones that predicted orientation 

were 630 and 860 cm-1. Everall et al. also noted that PLS (different from PCA) allowed the 

modeling of both samples, isotropic and oriented, with the same model. 

  

 

Figure 14. Density study from Everall et al. [52]. The relationship between carbonyl 
stretching bandwith (~1730 cm-1) and density of PET samples: (a) isotropic chips and (*) and 
(b) oriented films (■). 
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Figure 15. Density study from Everall et al. [52]. The band intensity ratio of 1094/1117 cm-1 
(typical normalization used in spectroscopy) is correlated with density; again, (a) isotropic 
chips and (*) and (b) oriented films (■). Note a clear influence of molecular orientation on 
the correlation curve. 

 

In another work published by Swierenga et al. [47] using PLS, it was found that PET 

yarn shrinkage could be predicted using the regions around 630, 857, 1278, and 1615 cm-1. 

This is probably because shrinkage of PET yarn after heat treatment is proportional to the 

amount of amorphous material (non-crystalline regions) and the orientation of the polymer 

chains in those amorphous regions. 

 



 

46 

 

Figure 16. Density study from Everall et al. [52]. A cross-validated prediction plot for PLS 
calibration using a full PET sample set and for factors and Square Error of Prediction (SEP) 
0.0024 g/cm-3, using same legend: (a) isotropic chips and (*) and (b) oriented films (■). Note 
that both samples are included in the same model, in contrast to the other two models. 

 

For forensic purposes, Keen et al. [54] claimed to differentiate PET from 4 different 

suppliers, using laser excitation of 790 nm to reduce fluorescence. High-quality spectra could 

be obtained, and they required no sample preparation. The researchers used the multivariate 

statistics technique of PCA to distinguish the slight differences between suppliers. The 

significant differences occurred between 350 and 1100 cm-1. Further in the study, the authors 

also discussed being able to pick up dyes in the bands. 

This chapter have showed that very important properties of the polymer can be 

analyzed using Raman spectroscopy even though most of the work done so far is limited, 

mostly in solid state, there are new possibilities and the next few chapters we will show that in 

the melt, properties of the polymer can be measured. In this chapter it has being shown that 

Raman spectroscopy can be used to identify key properties of polymer provided that the system 

can handle fluorescence, the use of Chemometrics (mainly PLS) to model is also discussed, 

these works were only done in solid state to obtain important process information combining 
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Chemometrics and Raman. The remainder of this dissertation will discuss our efforts to find a 

system that can capture spectra in-line on melt, treat this data and use this data to model 

important extrusion information such as melt temperature and melt pressure, to model this 

prediction Chemometrics tools will be used. 

For all the benefits of Raman, certain difficulties are associated with its use. PET 

samples measured using conventional Raman spectroscopy and using visible light excitation 

can have fluorescence because of impurities or degradation in industrial grade polymers; this 

can limit the usage of Raman spectroscopy unless different laser excitation levels can be used. 

In an effort to overcome fluorescence, for example, focus should be aimed at the polymer 

surface and not on the glass holding the sample. A few spectral measurements and a 

measurement system analysis can help Raman users to determine the best point and fix on that 

point during the entire exercise. Another way to think about this is to remember that Raman is 

a scattering of light, so if the measurement is made through a window, the window needs to be 

made of a material that does not interfere with the measurement. 

 

2.7 CHEMOMETRICS IN RAMAN 

 

2.7.1 Multivariate Statistics or Chemometrics – Introduction  

 

As Shaver (2001) pointed out in Chemometrics in Raman [55], “The term 

[Chemometrics] is often used specially to indicate the use of multivariate mathematical 

techniques and/or statistics to derive chemical information from data.” Shaver (2001) also 

noted a more general definition of the term: “the process of deriving chemical information 

from data” (pg). This general definition encompasses the various steps of analysis, including 

reprocessing (i.e., signal processing) techniques used on data to make an analysis more stable 

and/or accurate; interrogation of simple band metrics (width, position, area, etc.); least squares 

analyses for calibration curves and kinetic studies; [and] classically multivariate approaches 

for classification, investigation, and qualifications.” (pg)   
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The science of Chemometrics deals with large amounts of highly correlated data, and its 

methods and techniques are useful for spectroscopy and analytical chemistry. Of the variety of 

analysis techniques available in Chemometrics, the present work makes use of: principal 

components analysis, discriminant analysis, data interpretation, partial least squares analysis 

and orthogonal partial least squares. All these techniques are discussed later in this chapter. 

Multivariate data reduction techniques, such as those used in Chemometrics, give a 

simplified overview of trends in datasets. The data can then be classified by grouping similar 

spectra into clusters, or its variations can be described by orthogonal vectors called principal 

components. The advantage of describing a spectrum in a multivariate space by its coordinates 

of principal components, also called scores, is that only a few principal components are 

normally required to summarize most of the variation within a sample set of several thousand 

data points. [52] Often chemical and physical significance can be attached to the results over 

and above simple classifications.  

Having too much data is always a challenge, demanding methods for the extraction of 

information from large tables of data. To manage the large quantity of data in this dissertation, 

there is, for every discussion that involves a dataset, a matrix with the data to be analyzed. In 

the case of a spectrum, each one is considered an observation, and the various wavelengths are 

measured as variables; a table is provided for the dataset. The multivariate statistics tools, or 

Chemometrics tools, are used to apply linear algebra to that specific data matrix where a search 

for pattern recognition begins. In the case of patterns being recognized and groupings or classes 

being formed, a class provides information about relations among the observations within the 

class or between classes. [56, 57] 

In this study, the application of multivariate tools enabled the tackling of three basic 

problems:  

a. Characterization of the spectrum acquired, such as identification of patterns 

and behaviors common to the dataset or groups (if/when any are formed); 

b. Classification and/or discrimination among groups of spectrum 

observations; for example, differentiation of virgin and recycled polyester 

in two classes; 
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c. Regression modeling between two blocks of data (X, factors or predictors; 

and Y, responses); this thesis explored the relationship of the spectra block 

(the factors) and melt temperature and pressure block (the response). 

When looking for a simple overview of the spectrum behavior of multiple readings, 

such overview can be obtained with principal component analysis (PCA). [56, 58] The principal 

component analysis was used to transform the related variables of spectra acquired into a 

smaller set of uncorrelated variables. The method was made possible by significant 

contributions of Karl Pearson in 1901 and Harold Hotelling in 1933. Since then, computers 

have allowed these methods to be applied to ever-larger problems, and they have recently 

enabled further development in the field. The techniques used in this thesis are the author’s 

personal preference in the field, there was not an attempt to be comprehensive and discuss 

other methods, such as multidimensional scaling and singular value decomposition. 

The projection methods used in this study are described in terms of the geometry of 

multidimensional spaces, with the multivariate data and models represented as points, lines, 

planes, and hyperplanes in these spaces. In a matrix with 3 variables, a point can be spanned 

by each row of the matrix. This principle of representing matrices’ rows as points makes it 

possible to convert a data table into a graphical representation of the matrix, the point swarm. 

Based on the analysis of the data, a quantitative description of the shape is proposed in a 

mathematical model that approximates the data (see in Figure 17). The window that is 

represented is oriented such that it provides a good overview of the data and enables their 

interpretation; this process to convert a data table into a plot is called projection. The example 

here is tri-dimensional for the sake of simplicity, but the dataset can be many more orders of 

dimensionality, with the same approach extended mathematically to any number of 

dimensions. [59] The variables are typically pre-processed to be scaled to unit variance, usually 

dividing variable columns by their standard deviation. [60] 

The plane upon which the points can be projected (Figure 17) can be lifted out and 

placed on a computer screen as a scatter plot or score plot. This exercise will scale down the 

problem from its original n-dimensional size to two dimensions. Normally, the two principal 

components that best explain the model are used as the coordinates, and its variances extracted 
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from the dataset are stated on the graphic. Another common piece of information in this score 

plot is the ellipse for the Hotelling T2, showing what is considered a normal variation for the 

dataset or an outlier. Another plot that is also used is the loading plot, which displays the 

relationships among the variables and the level of correlation among them.  

 

 

Figure 17. A window is inserted into the three-dimensional space. The observations (points) 
are projected onto this plane, which enables data overview and interpretation. This is the 
main step of principal components analysis, PCA. [59] 

 

The loadings are the weights combining the original variables to form the scores, and 

geometrically they represent the direction of the plane in that space. In the loadings plot, the 
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non-influential variables are at the origin of the plot (0,0), while variables that are important to 

the model are on the periphery of the loading plot. Variables’ locations in the graph explain 

whether the variables are closely correlated (clustered nearby) or inversely correlated (situated 

on opposite sides of the graph). 

If, as described in previous paragraphs, real relationships can be represented 

mathematically, models of them can be created. When an interval needs to be investigated (a 

local model), this is typically a semi-empirical model using latent variables. The models 

described in this dissertation are for narrowly defined regions of interest. The theoretical 

foundation for the modeling of measured variables by means of latent variables (LV) is based 

on two principles: 

a. The measurements are sums of the underlying latent variables. In 

spectroscopy, the spectrum of a sample is a sum of the spectra of the 

constituents multiplied by their concentrations in the sample, being 

concentration t and the spectra p. Here we get the latent variable model X = 

t1p1’ + t2p2’ + … = TP’ + noise (Beer–Lambert law). Thus, this 

interpretation that the data can be explained by a number of components 

makes sense. 

b. We assume the data X (and Y in PLS) to be generated by a function F(u,v), 

Taylor expansions. The variable u describes the change between 

observations (rows in X), and the vector variable v describes the change 

variables (columns in X), if a Taylor expansion is made of F in the u-

direction. After discretizing i = observation and k = variable, a LV model is 

achieved. Note that the smaller the interval of u (between observations) that 

is modeled, the fewer terms we need in the Taylor expansion and the fewer 

components we need in the LV model; one can interpret PCA and partial 

least square (PLS) as models related to similarity. 

Two interpretations of the LV model are common: real data can be seen as either a 

linear combination of components (factors) or, alternatively, as measurements on a set of 

similar observations. 
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2.7.2 Principal Components Analysis 

 

The classification for cluster identification usually uses eigenvector methods such as 

principal component analysis (PCA) on the matrix that has the wavenumbers as variables being 

studied. PCA decomposes the dataset into eigenvectors and eigenvalues (linear algebra 

combination map that represents the underlying correlation structure and can regenerate the 

original data). Those eigenvectors, or common sets of “factors,” become the mathematical 

representations of the spectral data. As many of these factors will be calculated as is necessary 

to extract the maximum amount of variance in the data. The coefficients required for the linear 

combination of the factors in order to reproduce a particular spectrum are known as its 

“scores”; these scores allow spectra to be easily compared by the examination of PCA scores, 

a reduced dataset rather than the original spectral data. The drawback of basing the 

mathematics on spectra variance (that includes noise and instrumental errors) is that there is 

no guarantee that the changes that are noticed will provide useful information regarding the 

polymer system of interest. Thus, careful experimentation is required and special attention is 

necessary when changes in the process occur; new spectral features may not be found to be 

present on the calibration.  

The starting point for PCS is a dataset X (N x K), where: 

• X – dataset matrix 

• N – observations (in rows), which will depend on how many spectra are being 

collected for the analysis 

• K – variables (in columns); in spectroscopy the number of variables will be 

related to the range of wavelength being measured 

With the available dataset, all the variables have to be transformed to equal importance. For 

that, a data pre-processing is automatically applied by SIMCA P software; the two steps are 

typically scaling of data and mean-centering of the variables.  

• Scaling – Variables have different numerical ranges, and because PCA is a maximum 

variance projection method, it will follow a variable with a large variance, giving it 
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more importance in the model than a variable with low variance; the data normalization 

will provide equal importance for both variables. A common scaling technique is the 

unit variance (UV) scaling, where for each variable (column) its standard deviation (sk) 

and its inverse (1/sk) as scaling weight are calculated; subsequently, each column of X 

is multiplied by the weight (1/sk), resulting in each variable being equal to a unit 

variance. This technique is also called auto-scaling.  

• Mean-centering – The second part of the standard procedure for pre-processing, namely 

mean-centering, is the calculation of the average value of each variable to improve the 

interpretability of the model. 

 

Figure 18. From the left, the figure shows the effects of unit variance scaling and mean 
centering. The vertical axis represents the “length” of the variables and their numerical 
values. Each bar corresponds to one variable, and the short horizontal line inside each bar 
represents the mean value. As the scaling is applied, the variables are transformed from 
different variances to same variance (length), remaining with different mean values. The last 
step after mean-centering all variables is that they have equal “length” and mean value zero. 
[59] 
 

Coming back to the starting point, the dataset X (N x K), a tri-dimensional space can 

be constructed for N=20 and K=3. Each row will be represented by a point to form a swarm of 
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points in this space. When the scaling described above is applied, a coordinate system is created 

wherein the mean, the “center of mass” of the swarm of points, is the origin. The first principal 

component (PC1) is a line in X-space that best approximates the data in the least squares sense. 

The PC1 explains the greatest possible amount of variation. This line goes through the average 

point. The direction of the line is determined by the loading vector p1 (elements p1k), and the 

position of each point, i, on the line is ti1. The second PC is a line in an X-space orthogonal to 

the line of the first component. The principal component line also goes through the average 

point, the origin, and improves the approximation of the data points, accounting for the next 

greatest amount of variation. [61] 

 

Figure 19. Principal components in a three-dimensional space. The yellow points are the 
swarm of data, and the blue point is the projected point i with ti1.score and p1k weight. The 
swarm of points shows the most variance in the PC1 direction, followed by the smaller 
variation in the PC2 direction. [59] 
 

Summarizing the PCA, the t’s are a smaller number of new variables (latent variables) 

that best explain the original ones. They are sorted by importance, t1, t2, …, tn . The value of 

each of these latent variables for each observation is called a score; scores are the locations 
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along the lines where the observed points are projected. The p’s are loadings that define the 

orientation of the lines. 

Scores: t 

 ti1 = weighted average of Xs in the ith row 

 ti1 = xi1p11 + xi2p12 + … + xikp1k  

 ti1 = xi
Tp1 = ith score value for component 1  

Loadings: p 

 p1k = least square regression coefficient: xk on t1   

 p1k = (t1
T xk) / (t1

T t1 ) 

 Loading pik = importance of variable k in ith component. 

PCA model of X: 

 X = t1p1
T + t2p2

T + … + tNpN
T + E 

 X = TPT + E 

 �� = TPT is an approximation of X 

 E = fitting error and residual matrix 

 

 

2.7.3 Data Interpretation: Score, Loading, DModX, and Hotelling Plots 

On all these plots, points lying close together in the same space are very similar, and 

points far apart are more different. Typically, a normality limit is provided so that the 

interpretation of dissimilarities is more easily defined. Computationally, PCA is usually 

handled by computing eigenvectors of XTX (the covariance matrix), XXT (the association 

matrix), Single Value Decomposition (SVD) algorithms, or the Nonlinear Iterative Partial 

Least Squares (NIPALS). SIMCA +P software uses NIPALS method. [62, 63] The estimation of 

the loading and scores is as follows: Loadings (pi) are the eigenvectors of the XTX matrix, and 

eigenvalues (�i) are variances of ti’s where: �1>�2>�n.  

The Hotelling (also called Hotelling T2) graph demonstrates how far the score is from 

the origin in that dataset; it is a statistical summary for all scores taken together. When A scores 
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values are combined, the T2 representation will be ��� =  ����
 ��

+  ����
 ��

+ ⋯ + ��#�
 #�

 where $�� = 

variance of %� in the PC model. The Hotelling T2 values are distributed according to an F-

distribution. Typically, a limit line is shown on the plot by an F-value at 95%, and therefore T2 

expresses how far an observation is from the center, in the model plane. Note that for a two-

dimensional score plot, showing components %& and %�, for example, the T2 value would be 

given by �� =  ���
 ��

+  ���
 ��

, which is the equation of an ellipse. Remembering that observations 

far outside of the limits are outliers, we expect that for a 95% confidence interval, 5% of all 

points will lie outside the ellipse. 

The residuals, as stored in matrix E, also can be visualized by the distance to the Model 

X (DModX) graph. Distance to model is an estimate of how far from the model plane, in the 

X or Y space, the observation is positioned. The distance to the model can be displayed in 

absolute and normalized units. By default, the distance to the model plot is displayed in 

normalized units after the last component, with the limit for significance level at 0.05. 

Typically, the DModX is the number of standard deviations off the model plane; some authors 

like to express it in squared prediction error (SPE). 

Another measure of residual size is the R2 (measure of how well the model describes 

the variables) and Q2 (measure of the predictive power of the model). Typically, '�� = 1 −
*++,-.�/

++/010
2, where SS = sum of squares, and 3�� = 1 − *++4,-/ ,-.�/

++/010
2 = 1 − *567++

++/010
2. Given that 

'�� is a fraction of Sum of Squares (SS) of the entire matrix X explained by the current 

component, '��(cum) is the Cumulative SS of the entire X explained by all extracted 

components. Note that '�� increases with the number of components. In the case of matrix Y 

being analyzed, the same concept applies to that matrix. Q2 is the fraction of the total variation 

of X (PC) and Y (PLS/OPLS) that can be predicted by the current component. 

When test data is not easily available, the concept of cross-validation is used to avoid 

over-fitting in PCA. [64] Cross-validation (CV) is a practical and reliable way to test the 

significance of a PCA or PLS model. The basic idea is to keep a portion of the data out of the 

model development, develop a number of parallel models from the reduced data, predict the 
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omitted data by the different models, and finally compare the predicted values with the actual 

ones. The squared differences between predicted and observed values are summed to form the 

predictive residual sum of squares (PRESS), which is a measure of the predictive power of the 

tested model. In SIMCA-P, CV is conducted for each consecutive model dimension. For each 

additional dimension (from A = 0), CV gives a PRESS, which is compared with the residual 

sum of squares (RSS) of the previous dimension. When PRESS is not significantly smaller 

than RSS, the tested dimension is considered insignificant, and the model-building is stopped. 

Nevertheless, the performance of a PCA model in SIMCA-P is evaluated by simultaneously 

considering the explained variation R2X (goodness of fit) and the predicted variation Q2X 

(goodness of prediction). 

 

2.7.4 Partial Least Square (PLS) and Discriminant Analysis (PLS-DA) 

 

Considered the second main multivariate analytical tool, partial least squares (PLS) is 

also referred to as “projections to latent structures by means of partial least squares.” PLS is a 

regression extension of PCA, used to connect the information in two data matrices of variables, 

X and Y, to each other by a linear multivariate model. PLS provides many model parameters 

and other residuals-based diagnostic tools, which are useful for understanding and interpreting 

the acquired regression model. [59] Extensive literature is available discussing PLS. [60, 65-70]  

Because PLS is a regression technique, it involves two blocks of information, typically 

factors or predictors in a matrix X with N observations and K variables, like the PCA, and 

responses in a matrix Y with N observations and M variables. The three application areas are 

quantitative structure-activity relationships (QSAR) modeling, multivariate calibration, 

process monitoring and optimization. The same pre-processing data discussed for PCA applies 

for PLS; in both analytical methods, the data is centered and scaled to unit variance before 

analysis. 

PLS being a regression technique, it can be explained for only one response. In this 

case, Matrix X has N observations and K variables, and Matrix Y has same N observations and 
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M=1. For this dissertation, we will discuss only the case where Matrix Y has N observations 

and M=3 responses. 

 

 

Figure 20. A regression situation with Matrix X with K=3 and Matrix Y with M=3. The length 
of each coordinate axis has been standardized by scaling to unit variance. [59] 
 

For an example where 21 observations are selected, each observation is one point in 

the X space and another point in the Y space. In this example, the mean-centered data and the 

origins of the two coordinate systems coincide with the average points of the data swarms 

formed. 

 

Figure 21. The mean-centering procedure implies that the origins of the two coordinate systems 
will coincide with the average point (red dot) in each cloud of points. Each observation is 
represented by one point in the X space and another point in the Y space. [59] 
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Along the imaginary ellipsoid formed in the figure, the first PLS component can be 

calculated such that it (a) well approximates the point-swarms in X and Y, and (b) provides a 

good correlation between the positions of points along these lines in X and Y. The two lines 

intersect with the average points. By projecting the observations onto them, one obtains the 

scores t1 and u1 for X and Y respectively. 

 

 

Figure 22. The first component of a PLS model may be interpreted as two dotted lines, one 
inserted in the X space and the other in the Y space. The orientation of these lines is regulated 
by the requirements that (a) the lines well approximate the shapes of the two point-swarms, 
and (b) the scores t1 and u1, be maximally correlated. The observations projected onto the two 
lines give the projection coordinates (scores) t1 (for X) and u1 (for Y). [59] 

 

The scores can be plotted in scatter plots so that their relationships can be easily 

analyzed. The two score vectors are connected through the inner relation ui = ti + hi, where h 

is a residual and (i) represents each observation. 

The second PLS component will also form orthogonally to the first one in the X space 

and not necessarily orthogonally to the first one in the Y space. These lines are positioned such 

that the correlation between the planes X and Y are maximized. Geometrically, a two-

component PLS model can be interpreted as planes in X and Y spaces. By projecting the 

observations onto the planes, the PLS scores t1 and t2 in X, and u1 and u2 in Y are obtained. 



 

60 

 

Figure 23. The two components of a PLS model as two dotted lines represents the model planes 
inserted in the X and Y spaces. Each observation can be projected onto these planes to define 
the PLS score vectors. The PLS scores t1 and t2 in X, and u1 and u2 in Y, with that the first 
model dimension, t1 and u1, and the second model dimension, t2 and u2, are now defined. [59] 

 

The scores vectors of the second component correlate less well than the first pair of 

latent variables. This is because the first PLS component captures the strongest source of 

variation in the data, the strongest signal. After the removal of the variation accounted for by 

the first component, weaker variations remain in the data, and therefore the correlation between 

X and Y (in terms of t2 and u2) is usually weaker and less distinct. 

To interpret the meaning of a PLS model, one should consider the variable-related PLS 

model parameter of weight. The weights for X and Y variables, which are denoted w* and c 

respectively, may be plotted together in the same plot. They are interpreted in the same way as 

the PCA loadings, and they show which variables contribute to the PLS model and which are 

not modeled at all. This interpretation means that the PLS weights reflect the relationships 

among all variables at the same time, and they tell which are associated and which and 

contribute unique information. 

With PLS, the information obtained about what X gives Y, and/or how to set X to get 

a desired Y, implies that in process modeling it might be possible not only to understand the 
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mechanism of the process, but also to extract clues about how to modify the regulation pattern 

of the process to get enhanced product quality and cost savings. [59, 61, 67, 69, 71] 

When more than two components are included in a PLS model, the two-dimensional 

planes are replaced by hyper-planes of three, four, or more dimensions. Such hyper-planes are 

no different conceptually from the unidimensional lines or planes; therefore, the principle of 

projecting observations onto these hyper-planes and reading off the new coordinate values, the 

scores, are preserved. 

 

Variable Importance to Projection (Variable Importance to Projection (Variable Importance to Projection (Variable Importance to Projection (VIPVIPVIPVIP))))    

 

The parameter known as Variable Influence on Projection and also Variable 

Importance to Projection (VIP) facilitates the interpretation of the overall model. The VIP 

parameter summarizes the importance of the X-variables both for the X and Y models, which 

were developed by Wold et al. and published in 1993. [59, 72] VIP is a weighted sum of squares 

of the PLS weights, w*, taking into account the amount of explained Y variance in each 

dimension. The attraction of VIP lies in its intrinsic uniqueness; for a given model and problem, 

there will always be only one VIP vector, summarizing all components and Y variables.  

The software SIMCAP is used to compute the influence in Y of every variable (xk) in 

the model, called VIP. The sum over all model dimensions of the contributions VIN (variable 

influence) is VIP. For a given PLS dimension, a, (VIN)ak
2 is equal to the squared PLS weight 

(wak)2 of that term, multiplied by the explained SS (sum of squares) of that PLS dimension. 

The accumulated (overall PLS dimensions) value, 89��: = ∑ (89<):� , is then divided by the 

total explained SS by the PLS model and multiplied by the number of terms in the model. The 

final VIP is the square root of that number.  

The expression is: 89�=: = >?∑ ?@�:� ∗ (BBC�D& − BBC�)E ∗ F
(++GHD++G0)

=�I& E . The SS 

of all VIPs is equal to the number of terms in the model; hence, the average VIP would be 
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equal to 1. One can compare the VIP of one term to the others. Terms with large VIP (larger 

than 1) are the most relevant for explaining Y. 

 

Contribution Plots (Contribution Plots (Contribution Plots (Contribution Plots (SSSScorescorescorescores    andandandand    WWWWeight)eight)eight)eight)    

 

To ascertain which variables from a model make the greatest contribution to a response, 

we used contribution plots. These can be used when analyzing processes; specifically, a 

contribution plot can be used to detect a contributor to a process shift, but not necessarily its 

cause. Still, the contribution plot is a useful tool. [59, 73] Contribution plots are used to 

understand why an observation differs from the others in X score (t), in DModX, in DModY, 

in Hotelling’s T2Range, or in the observed matrix X versus predicted matrix Y plot. The 

contribution plot displays the differences, in scaled units, for all the terms in the model, 

between the outlying observation and the normal (or average) observation, multiplied by the 

absolute value of the normalized weight. 

The following can be used to calculate contribution plots in process analysis: 

a. Differences in scores. In this case, the contribution plot is used to identify the 

changes in the variables between two observations, or between one selected 

observation and the average process observation, or between the averages of two 

groups. This is computed as “Contribution (scores) = ∆X * weight,” where the 

default weight is the component loading, p. 

b. Deviations in DModX. Here the contribution relates to a residual, which, in turn, 

points to the variables. The contributions are calculated as “Contribution (DModX) 

= ek * weight”, where ek, represents variable residuals, and the default weight is the 

square root of the explained sum of squares for each variable. 
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Classification and Discriminant Analysis Classification and Discriminant Analysis Classification and Discriminant Analysis Classification and Discriminant Analysis ––––    PLSPLSPLSPLS----DADADADA    

 

As an overview, classification techniques can be used to find classes in the data; these 

techniques enable researchers to process information, classify new or unknown samples, define 

commonality between and within each class, and to identify the distinguishing characteristics 

of a class.  

 

 

Figure 24. Special cases of discrimination: for PCA, no class membership is acknowledged for 
model-building (being available or not), and PLS-DA uses class membership information 
during model-building, which applies a special case of response Matrix D. The order used in 
the illustration is only to facilitate understanding of the concept. 
 

Both supervised and unsupervised classification methods exist: 

a. Unsupervised methods, such as PCA, ignore class membership information during 

model-building (even if known); in this case, there will be only the 

factors/predictors Matrix X being considered. 
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b. Supervised methods, such as PLS-DA, use class membership information during 

model-building; in this case, there will be considered both the predictor Matrix X 

and the response Matrix D. This response Matrix D is a very special case because 

each class will have one variable, and each variable will be 0 or 1 according to the 

class. 

 

2.7.5 OPLS and OPLS-DA 

 

A generic pre-processing method for multivariate data, called “orthogonal projections 

to latent structures” (OPLS), was first proposed by Trygg et al. (2002). Other authors have also 

discussed the importance of the method. [74-77] The purpose of OPLS is to remove variation 

from Matrix X (variables matrix) that is not correlated to the Matrix Y (response matrix); in 

mathematical terms, this is equivalent to removing systematic variation in X that is orthogonal 

to Y. This approach is relevant to the present study because it addresses systematic variation 

like light scattering and differences in spectroscopic path length, and it may often constitute 

the major part of the variation of the sample spectra. The modification of the NIPALS PLS 

algorithm is described by Trigg et al. [77] 

In a PLS model, the data explanation is provided by PLS components and the residuals. 

When strong orthogonal variation exists in matrix X, the interpretability is complex. This 

happens because, in regular PLS, the loading weights @�∗ express both the predictive and 

orthogonal variations in X. Orthogonal variation in X entails the variation of everything that is 

not linearly related to Y. 

The OPLS separates the predictive and orthogonal variabilities from each other, thus 

having three parts: PLS components correlated to Y, PLS components uncorrelated to Y, and 

the residuals.  

 



 

65 

2.7.6 Chemometrics and Raman spectroscopy 

Chemometrics is used in this work to approach each wavelength as a variable, utilizing 

the relationship between those variables both for within a spectrum (wavenumber to 

wavenumber) and between each spectrum (same wavenumber and different observation). The 

purpose is to increase accuracy and precision in making determinations about material’s 

properties. In Raman, those variables will have their individual arbitrary intensity points from 

100 to 3000 cm-1, with the range of wavelengths depending on the system used. The analyses 

can capture and isolate patterns in multiple spectra because bands from unique polymer 

systems will change together with each other and independently of the bands due to being other 

polymer systems. Once the underlying correlation structure is defined, it can be used to 

determine qualitative or quantitative information, much in the way that concentration can be 

determined from the intensity of an individual band observed on single polymer systems. In 

case the objective is to model a system, the inclusion of other pieces of information from the 

machine, raw material, or testing can greatly improve the model in the study. 

When performing spectral analysis, baseline correction is often used; however, this 

work is not going to review all the techniques available. In some cases, where the baseline is 

somewhat constant, it will be “absorbed,” meaning the same variance and no information, and 

will become information in the model. A wealth of background treatment can be found in the 

literature, including discussions of problems that can occur when adequate background 

removal is not used for determination of peak heights, areas, and bandwidth. [78-81] 

When using raw spectrum intensities, a problem that can occur (and that needs to be 

avoided if detected), is the shift in wavenumber calibration, because the mathematics of the 

model expects a specific relationship of intensity between adjacent variables (wavenumbers) 

and will not usually account for shifts. This verification will provide a robust and powerful 

model. The model should be recalibrated if used over longer period of time, even if only one 

instrument is utilized. [55] 

The work of Shaver et al. also described the usage of partial least squares (PLS) in 

polymer production due to its high-precision prediction capability. Everall et al. [82] discuss 

the usage of PLS on a calibration where data from polyethylene spectra is correlated with 
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density. It is remarkable that the studies show that the C-H stretching region provided a low 

error model with only two factors. Others studied ethylene vinyl acetate copolymers, EVA, [83] 

where PCA and PLS were used to identify the composition of EVA in the copolymer in a range 

from 7 to 44 wt%. The studies demonstrated the potential of Chemometrics analysis for Raman 

spectra. In spite of the method’s potential, Raman spectroscopy is still not significantly utilized 

in combination with multivariate statistics. 

Outside of Raman, near-infrared (NIR) spectroscopy Chemometrics has been used to 

measure molar mass on polydimethylsiloxanes (PDMSs) in liquid phase. The study by Shenton 

et al. removed outliers and calculated non-linear baselines; principal components regression 

(PCR) was used instead of PLS to characterize the polymers studied. The work of Shenton et 

al. summarized applications for Chemometrics besides PET. [84] 

The use of Chemometrics requires great care, as over-fitting can cloud the research 

analysis. This fact is easily observed in the study of Gabriel et al. [85], where standard error 

improved when predicting density by the addition of principal components. The entire model 

could have up to 24 principal components, but with only 5 components, the model had already 

explained 95% of the variance in the spectra dataset; thus, the analysis showed that increasing 

the number of principal components to the additional 19 principal components could only 

explain an additional 3.8% of the variance. [55] 

 

  



 

67 

3 EXPERIMENTS 

 

This chapter describes experiments used to assess various analysis methods for 

polymers, including the necessary equipment to demonstrate the capability of on-line Raman 

analysis to differentiate various PET polymers, and to predict the resulting melt viscosity by 

the calculated melt pressure and melt temperature. All work was performed at Unifi Inc. 

(www.unifi.com, Yadkinville, NC). This chapter is divided into three parts: first a description 

of the materials used, followed by a description of the equipment and software for each 

experimental procedure, and finally a description of the experimental setup for the data 

acquisition in solids, extrudates, and molten polymer (in-line measurements – in-melt). 

 

3.1 POLYMERIC MATERIALS 

 

3.1.1 Materials for Screening (Solids and Extrudate) 

 

The list of materials inspected is given in Table 6. All material, which was purchased 

by Unifi Inc., was fiber-spinning-grade. All data provided was from the supplier’s certificate 

of analysis. Intrinsic viscosity was measured following ASTM D4603; the amount of de-

lustrant TiO2 used ASTM D5630, while CIELAB color readings ASTM D2244 was used for 

color; the moisture was measured via ASTM D6980; and finally, the number of pellets per 

gram was measured from the straight sum of a total count. 

The pellets used in this study were measured as received from commercial suppliers; 

the certificate of analysis is reproduced in the following table. Note that not all the bags are 

listed, only the main samples. 
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Table 6. Pellets Certificate of Analysis. 

Pellets description IV (dL/g) 

TiO2 

(%) L b 

Moisture 

(%) Pellets/g 

NanYa SD-IN401 0.640 0.330 74.859 0.121 0.030 32 

NanYa BT-1A218 0.675 0.039 73.682 -1.045 0.030 30 

Indorama LDI Copolymer 0.550 0.300 67.830 4.020 0.020 42 

AKRA-Copolymer CATDYE 0.554 0.288 82.059 6.411 0.025 45 

Americhem Natural 0.680 NA 75.000 1.500 0.020 55 

Americhem Violet 0.700 NA 0.140 -0.290 0.030 50 

Americhem Black PEF96 0.550 NA 15.380 -0.030 0.032 75 

CleanTech bottle flake 0.810 NA 49.700 6.200 0.031 25 

Invista HMF 0.642 0.034 84.700 14.600 0.025 65 

Polysindo 0.710 NA 69.870 0.160 0.023 50 

Ultra PET RUE800W 0.750 0 60.030 0.690 0.039 42 

 

 

3.1.2 Materials for Final Experiment 

 

Table 7 lists the three products used in the final experiment for discrimination analysis 

and modeling of melt temperature and melt pressure. In general, the materials’ property range 

was the same as those used as commodity products in the polyester synthetic fiber industry. 

The virgin semi-dull product with type number IN401 was supplied by NanYa Corporation in 

South Carolina. The other two materials were produced by the Unifi Incorporation under the 

brand Repreve®. The first, RC1000, is a post-consumer (PC) material, and RC2001 is a blend 

of post-industrial material (Hybrid).  

RC1000 is made from 100% recycled post-consumer plastic bottles. The plastic bottles 

are collected, ground, and washed to produce a “clean” bottle flake. The flake is then extruded, 

filtered, and pelletized. The resulting pellet is stored and blended before being extruded and 

spun into yarn. The average starting intrinsic viscosity (IV) of the bottle flake is 0.76 (101 

Pa∙s). The flakes are partially dried to achieve a final target IV in the pellet of 0.68 (84 Pa∙s). 

Generally the products of five to ten qualified bottle flake suppliers are used in a specific recipe 
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and blended before extrusion. This blending ensures the consistency of the product and 

decreases the variation in pellet properties.  

RC2001 is made from 60% post-industrial (PI) waste and 40% recycled post-consumer 

plastic bottles. (A majority of the PI waste used in this study was Unifi’s own spinning and 

texturing waste.) The PI waste and flake is extruded, filtered, and pelletized. The resulting 

pellet is stored and blended before being extruded and spun into yarn. The average starting IV 

of the PI waste is 0.62 (69 Pa∙s). The partially dried flake and undried fiber together yield a 

pellet IV of 0.55 to 0.60 (53 to 64 Pa∙s). Generally a total of five to ten qualified bottle flake 

suppliers are represented, along with a total of five to fifteen PI waste materials, all of which 

are strategically loaded to reduce variation. 

Given polyester’s sensitivity to thermal degradation, along with the presence of finish 

oils, foreign polymers, and other contamination within the material, it is very challenging to 

achieve with mechanically recycled polyester a color and performance that is equal to virgin 

polyester. This is why it is very important to have a robust quality plan in place to ensure 

consistency and downstream process performance. Table 7 gives a general guideline of desired 

center points for some polymer properties. 

 

Table 7. Recycled Materials 

Pellets description IV (dL/g) TiO2 (%) L* b* 
DEG  

(% w/w) 
Moisture 

(%) 
COOH Pellets/g 

Virgin SD-IN401 0.680 0.330 74.859 0.121 2.504 0.030 34.845 32 

RC1000 0.760 0.039 73.682 -1.045 2.695 0.030 35.900 30 

RC2001 0.620 0.300 67.830 4.020 1.876 0.020 28.545 42 
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3.2 EQUIPMENT AND SOFTWARE 

This section describes the spectrometer vendors and models used, as well the software 

they supply, if any. The handheld spectrometer is owned by Unifi, and the two other 

instruments were used on a loan basis. 

 

3.2.1 Mini-Extruder Collin 

 

The RRC facility has a laboratory where all incoming raw material and process material 

is checked based on pre-determined routine sample testing. In this lab is a Collin mini-extruder 

that is used daily for rheology measurements and filtration. A Raman probe was incorporated 

in front of the extruder in order to enable in-line Raman spectrum collection. The mini melt 

extrusion device is a single screw extruder from Collin. The extruder has a 25mm diameter 

screw. The throughput rate was 118g/min, which required a minimum of 500g of sample 

material for each run. The extrudate is collected into a bucket in front of the mini-extruder. 

The equipment is illustrated in Figure 25. 
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Figure 25. Dr. Collin mini-extruder 

 

 

3.2.2 Optical Probe 

 

The dynisco type probe (www.dynisco.com) is illustrated in Figure 26. The probe fits 

into any extruder that has a pressure or temperature port in place. On the right side is the actual 

Raman probe supplied by Tornado: an Axiom Probe (model: RFP-435). 



 

72 

  

Figure 26. Dynisco-like probe (left) and Axiom probe (right) 

 

The probe was inserted into the extruder throat just after the heating zones; the left side 

of Figure 27 illustrates the cross-section of the extruder diameter and 3 possible places to install 

the probe. Note that all positions end with the probe window touching the material inside the 

extruder. On the right side of Figure 26, the Axiom probe can be seen installed. This strategic 

positioning of the probe avoids polymer degradation around its face and accumulation of such 

material, the adjustment at the face of probe needs to be as flush as possible to the wall of the 

extruder. 

 

 

Figure 27. Possible probe location (left) and Axiom probe installed (right). 

The communication between the probe and the spectrometer is made through an optical 

fiber fitting, the cable needs protection from the heat of the extruder therefore is recommended 
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that the connection be away from the extruder to minimize heating of the cable. When the 

extruder is heated the probe temperature will follow, handling the probe requires same safety 

guidelines as dealing with any heated and under pressure equipments. 

 

3.2.3 RXN2 (Kaiser) 

 

For the in-line extruder measurements, a Kaiser Optics instrument was chosen. The 

system has fiber optics that allow placement of the probe in the extruder throat in the same 

way as pressure or temperature probes. In this case, a Dynisco (www.dynisco.com) type probe 

was used. 

 

Figure 28. RXN2 Raman System. 
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The system specifications are described in Table 8. While other systems might also 

yield suitable results, the system described below is the basis for the findings reported herein. 

This system configuration allows the running of laboratory-scale measurements when 

using the mini-extruder. Measurements can be made using materials at 100% or in controlled 

blends; or materials can be placed in a production machine that enables online processing of 

analytical data. This data collection is very dependent on the computer power and instrument 

configuration. The RXN2 allowed measurements every 2 minutes for 48 hours but required a 

re-start after that. 

 

Table 8. Raman RXN2 Specifications [Kaiser RXN2 Manual] 

RAMAN RXN2 Specifications 

Camera 

Chip  1024 ×256 EEV MPP type 
Pixel size  26 µm square 
Gain  typically 9 electrons/count 
A-to-D converter  16 bit 
Minimum exposure time  50 ms 
Minimum detector temperature  –40 °C 
Detector linearity  Better than 1% 

Detector readout noise  1–1.2 counts rms 

Spectrograph 

Aperture ratio  f/1.8 
Focal length  85 mm 
Grating  (4 channel)  HoloPlex transmissive 

Spectral coverage  (4 channel): 785 nm 100 to 3450 cm-1 

Slit  50 µm fixed 

Spectral resolution  5 cm-1 average 

Laser 

Excitation wavelength  785 nm 
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3.2.4 HyperFlux (Tornado) 

 

The spectrometer used in this experiment was a Raman HyperFlux 785 hardware from 

Tornado.  

The material analyzed was collected over a period of 4 days. The material varied in 

size from 500g to 2000g, and the data acquisition was done every 2 seconds. The final dataset 

had over 7000 observations among the 3 polymers. 

Both RXN2 and HyperFlux have extremely robust cooling systems in order to ensure 

temperatures in the spectrometer as close as possible to -35ºC, this enable more stable and 

consistent spectra acquisition. 

 

3.2.5 Methodology and Software Used 

 

Analyses were performed using the Chemometrics package from Umetrics 

(www.umetrics.com) SIMCA-P version 13.0.2.0. No Chemometrics package was available 

with the hardware utilized for data acquisition. The SIMCA-P was used for the heavy-lifting 

data analysis and model generation. For the background removal, the statistical software used 

was the R software 3.1.1, specifically the package peaks for the pre-processing (www.r-

project.org). The pre-processing steps are detailed in Appendix 1A. 

The software and computer power need to be compatible to the task, therefore it is 

important to provide adequate processing capability in a time that is relevant to the process 

being analyzed, in this case most likely minutes showed to be more than adequate. This data 

will be stored, pre-processed, and modeled for online analysis, enabling reactions to the 

process when appropriate, if this doesn’t happen than the system becomes a passive data 

collection tool. In addition, for backward analysis it is necessary to have adequate storage, and 

most importantly ability to retrieve this data in a timely manner. A computing power that is 

able to easily process more than 3 to 4 days of stored runs, keeping in mind that longer reading 
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periods will generate larger matrix of data in the order of roughly 50MB/day. Even though a 

system like this can be packaged no ready to buy system was found available today for a full 

year stored production data becoming a considerable obstacle to the storage and retrieval of 

relevant data.   

 

3.3 PRELIMINARY EXPERIMENTS 

 

To define the materials and methodology, a series of preliminary experiments were 

performed, in which the author evaluated the possibility of analyzing the material in two states: 

in chip form (solid) and as an extrudate (molten). These two possibilities proved incapable of 

providing a reliable system for polymer characterization. 

The first Raman spectroscopy instrument used to acquire spectra on pellets and 

extrudate was a handheld unit supplied by Intevac (http://www.intevac.com). The instrument 

is denominated Rapid-ID. Due to its small size, the instrument is easy to handle and maneuver. 

Its low cost compared with other options on the market also justified the initial choice of this 

instrument, to explore its potential. Because the instrument only collects the data, a computer 

is necessary to store continuous data readings. In the case of the solid-form measurements, an 

operator controls the system manually. 

 

Figure 29. Rapid-ID from Intevac. 
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3.4 IN-LINE MEASUREMENTS 

 

All data collection was done in the Repreve® Recycle Center (RRC) of Unifi 

Incorporation at the Mebane Complex in Yadkinville, North Carolina. The facility was built to 

recycle polyester materials into chips for the downstream extrusion process of polyester 

multifilament yarns. 

 

3.4.1 In-line Measurements – In-Melt 

 

In order to have measurements at the surface of the molten polymer, we used a Dynisco 

probe (www.dynisco.com) that had a sapphire window touching the polymer at the extruder, 

this window over time needs cleaning due to material build-up on it, this material accumulation 

will change spectra intensity and or its quality, during the trials an interval of approximately 

of 8 hours was used for data acquisition and the probe cleaned before each data acquisition 

start. Finishes can be added to the window to minimize this issue. The measurements could be 

made at the mini-extruder as well as the production extruder. All measurements were taken at 

the surface. Figure 30 shows a diagram with probes to facilitate the visualization of the 

approach used on this method; probe A or B can be used for Raman readings. 

The dataset of spectra generated varied with the capability of the instrument and the 

desired detail from the material. In other words, the shorter space between measurements was 

based on the instrument capability, and the longer space was based on the amount of data 

desired from the material. For our testing, the smallest available time between spectra was 

selected.  

This setup and the one described previously in section 3.3 (Preliminary Experiments) 

allowed blends to be evaluated; therefore, measurements of each polymeric material could be 

run by themselves at 100%, or blends of different ratios could be analyzed. For example, we 

ran polyester mixed with PLA, with the polymer blended in different known ratios each time. 

This procedure provided the actual fingerprints of the mixture. Because a high percentage of 
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foreign polymers are not expected in the polyester recycle stream, no blend ratio above 15% 

was explored. 

The in-melt datasets were collected using the system RXN2 and Hyperflux at different 

times. In October 2014, data from the Kaiser system RXN2 was collected directly from the 

melt flow using a Dynisco-like type probe with a sapphire window at the end. One of the 

datasets from October 2 to October 5, 2014, contained a matrix of 611 observations with 3326 

variables (Kaiser Optics allowed spectra up to a Raman shift of 3200 cm-1).  

 

 

Figure 30. Extruder throat cross section. 

 



 

79 

In another dataset, collected on October 15, 2014, a model was created to see the effect 

of blends or polymer alloys on the spectrum. This dataset had 160 observations and 1501 

variables (Raman shift from 300 to 1800 cm-1), resulting in a matrix of 160 x 1501. The 

polymer alloys resultant of the blend by weight percentage of other polymers present in the 

recycle stream were the following: poly(butylene terephthalate) (PBT) at 3 levels (3, 7.5 and 

17.6% by weight), poly(lactic acid) (PLA), poly(L-lactic acid) (PLLA), and polyamide (PA). 

All used the same 3-level blending. 
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4 RESULTS AND DISCUSSIONS 

Fiber spinning grade poly(ethylene terephthalate), referred to as polyester, was used 

throughout the studies described below. The materials differed from each other in additives, 

the catalysts used in polymerization, coloration, intrinsic viscosity, and other characteristics.  

A preliminary data analysis was performed seeking discrimination among those 

groups, with some exploratory work on alloys. The results from these preliminary 

measurements done on pellets and on extrudate were poor and therefore deemed inadequate 

and will be discussed in sections 4.1 measurements on solids, 4.2 solids and extrudate, and the 

measurements performed at the surface of the molten polymer flow at the extruder will be 

extensively discussed in sections 4.3 and 4.4. 

Each observation in the experiments generated a matrix with at least 1800 variables 

(wavelengths), and the plot of these observations denominated the spectrum. The matrices 

acquired in this exploratory work were analyzed to verify key points for further material 

characterization. The four key questions are: 

a. Does the system setup allow continuous data collection permitting real-time 

process corrections?  

b. How uniform and reliable is the data of the “known” polymers? 

c. Can different feed materials be discriminated? (Other materials include blends of 

“known” polymers, blends of “unknown” polymers, or mixtures with non-desirable 

materials such as dust, glues, excess chemicals, degradation, etc. 

d. What is required to keep the experiment running for long periods of time, i.e. longer 

than 24 hours? 

From the exploratory studies, the final tool(s) for evaluation of the recycled material 

(unknown polymers blends and mixes) should be able to be selected. This soft sensor would 

be used as an analytical tool to complement current process control systems in order to 

minimize machine stops caused by foreseeable process issues, improve final chip quality 

(increase first quality and product consistency), and positively influence the downstream 

processes that the recycled chips would go through (spinning, molding, texturing, etc.). 
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The following sections will discuss each chosen dataset and explore the effectiveness 

of each experimental setup to verify the benefit of using Raman spectroscopy in the recycling 

of polyester. 

 

4.1 OFF-LINE MEASUREMENTS USING RNX2 (SOLIDS) 

 

In initial experiments using the RNX2 system, spectra were acquired from solid pellets 

to verify that the system could distinguish among the different polymers involved in this 

dataset: PLA, polyamide 6 (nylon 6, PA6), polypropylene (PP), and semi-dull PET. Figure 31 

shows that the spectra of the 4 polymers could be clearly distinguished.  

 

 

Figure 31. Plot of intensity in arbitrary units versus Raman Shift in cm-1; note the differences 
among the 4 polymers; different polymers show distinct spectra. 
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The raw spectra of the polymers in Figure 31 match very closely to the ones mentioned 

in the spectra handbooks that were used as reference [86, 87]. 

The previous figure showed that it is straightforward to compare distinct polymers. 

However, Figure 32 shows that the differences and similarities among the recycled polyesters. 

In the preliminary experiments section, the approach of measuring directly on solids was 

deemed inadequate for the goal of this dissertation; therefore, the following sections will only 

discuss the in-melt approaches. 

 

 

 

Figure 32. Plot of intensity in arbitrary units versus Raman Shift in cm-1. Note the similarities 
among the 6 different types of polyesters; there is no peak distinction that can be easily made 
between them. 
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4.2 IN-LINE USING RAPID ID 

 

4.2.1 Solids 

 

To collect the spectrum from a pellet, an operator selects one pellet, places it inside a 

small container that positions the pellet in front of the laser, and starts the measurement. This 

procedure provides the best focus, eliminates outside light contamination, and controls the 

region being measured. Still, the method presented challenges. In general, the pellets that were 

analyzed were extruded in monofilament form, cooled underwater, and later cut into small 

segments. The consequence of this process was that the shape and fine dimensions of each 

granule varied randomly. In addition, material measurements were taken directly off the 

pellets’ surface to acquire the spectrum of the solid; extensive work would be required to 

demonstrate the statistical significance of this measurement approach and to demonstrate that 

the surface that was being measured was representative of the material. 

After acquiring the spectrum via the approach described, the readings from using the 

RapidID over solid, uneven pellet surfaces did not show enough accuracy and precision. In the 

individual spectrum of this particular model, there was no good definition on the spectrum 

itself. The baseline was too noisy, and the main peaks were not well-defined. Based on the 

literature and measurements using other systems, these spectra readings must be deemed 

inadequate for further analyses. Therefore, using the handheld RapidID instrument does not 

seem to be the best approach. The expectation was to have a similar spectrum from all readings, 

with minor differences along the Raman shift range being plotted; instead, the peaks and 

valleys normally existent in a spectrum were not very defined. There was the presence of 

negative peaks with no physical explanation. All these points disqualified the instrument from 

use for the main experiments. The lack of spectrum quality did not support further exploratory 

work on discrimination between the different types of polymer tested.  

In critically analyzing the exploratory off-line work on solids, answers were found to 

four key questions. First, a question regarding the experiment: Did the system setup allow 
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continuous data collection enough to allow real-time process corrections? The answer was no; 

it was an off-line measurement. The second question was, how uniform and reliable was the 

data of the “known” polymers? The unexpected answer was that the same polymer was quite 

different within the same group. The third question was, was there any level of discrimination 

when different materials were added? The answer was no; no reasonable discrimination was 

found. A final question about the work on solids was, was there any procedure required to keep 

the experiment running for long periods of time? The answer was that the experiment was 

cumbersome when done one pellet at a time; the approach was too time-consuming. 

 

4.2.2 Extrudate 

 

After the results in solids were acquired and analyzed, the next step was to present the 

RapidID probe to the extrudate at the exit of the Collins mini-extruder. This case would allow 

some degree of blending, creating a uniform surface and allowing for easy collection when 

performing the filtration test. In this sample presentation method, the measurement was done 

at the surface of molten polymer at the exit of the extruder. This required a free-fall exit and 

minimum surface movement to minimize deficiencies due to poor or no focus. Another 

consideration was to avoid lights too close to the laser. For the measurement of the extrudate 

at a mini-extruder used for rheology and filtration tests, the same Rapid-ID instrument was 

used at the polymer exit. 

This experimental setup had the advantage of being very versatile because the mini-

extruder required only small quantities of polymer to run, typically on the order of one 

kilogram or less of polymeric material. However, the Rapid-ID system was also simple; it did 

not have laser power and fiber optics hardware to allow measurements in-line, so it could not 

be used to acquire these measurements. 

Reading over the extrudate allowed enhanced sample presentation to the Raman 

instrument compared to solids and the possibility to acquire spectrum every 3 minutes, so when 

analyzing the dataset collected and seeking discrimination (separation between groups), this 

method did start to show potential. The data analysis visualization used the Hoteling T2 chart 
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and scores bi-plot. Ultimately, although it was clear that there was some degree of 

discrimination, there was not enough for quantitative analysis. Based on these results, the 

DeltaNu system was not adequate for in-line readings due to noise readings. Another system 

setup needed to be tested. 

Following critical analyses of the exploratory off-line work on solids, the answers to 

the key questions about material characterization were as follows. First, regarding the 

experiment, did the system setup allow continuous enough data collection that real-time 

process corrections could be made? The answer was yes; it did allow a spectrum collection 

every 3 minutes. The second question was, how uniform and reliable was the data of the 

“known” polymers? The answer was that the baseline noise/variation noticed on solids was 

much reduced, and the spectrum approached the profile suggested in the literature for each 

polymer. The third question was about whether there was any level of discrimination when 

different materials were added. The answer was that there was a minimum discrimination for 

qualitative analysis, but not enough discrimination for quantitative analysis. The final question 

was about whether any procedure was required to keep the experiment running for long periods 

of time. The answer was that the instrument was too close to hot areas of the extruder; 

therefore, the temperature of the instrument was not under control. This is a concern for the 

long term. The data can be stored on a file, with the material exposed to air and moisture at the 

same time that is exposed to the laser; because polyester will change when exposed, it is still 

not clear whether this approach is reliable. 

Given the results described above, the researcher decided to use industrial-grade 

Raman instruments on a rental basis. 

 

4.3 IN-MELT USING RXN2 

 

The following sections present the results of acquiring spectra directly from the in-melt 

stream, highlighting the distinctions between blended recycled polyesters and mixed polymer 

alloys. The purpose is to assess their distinctions from the Kaiser RXN2 system point of view. 
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For this section on the use of the RXN2 system, no data pre-processing or baseline correction 

was applied. 

 

4.3.1 Recycled Polyesters 

 

The following measurements were done in-melt using the RXN2 system from Kaiser 

on the virgin polyester as a reference, as well as the two blend recipes typically used at Unifi. 

 

 

Figure 33. Hotelling T2 Range Chart showing the 280 observations dataset of Virgin and 
Recycled PET Polymer, two recycled recipes from Unifi, RC1000, and RC2001. Virgin 
polymer (marked with red circles) data points show its superior consistency to the more 
variable recycled polymers. 
 

 

Figure 33 shows a run with three PET polymers: 

a. Virgin Polymer. Fiber-grade chips semi-dull used as reference. 

b. RC1000. Recipe of recycled polymer that has 100% post-consumer polyester 

material, mainly plastics bottles. 
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c. RC2001. Recipe of recycled polymer that typically has 60% of post-industrial 

polyester material and 40% post-consumer polyester material. 

All these polymers were processed at the Collins mini-extruder while the tests for melt 

viscosity and filtration were performed. The system with a probe in-melt collected the spectra 

simultaneously. In the graph, the red-circled observations are virgin PET polymer; note its 

consistency as compared to the other points. 

 

 

Figure 34. Typical in-melt spectrum on virgin molten PET. Graph shows arbitrary intensity 
values versus Raman Shift in cm-1. 
 

The SIMCA-P software allows points to be highlighted and enables more detailed 

analysis on it. In this case, the observations selected by the red circles in the Figure 33 

observations were selected to show their original spectra in the next figure, Figure 34. This 

result shows the system’s capability to acquire uniform spectral data in-melt. It also shows 

consistency of the virgin polyester, and shows that there are no relevant peaks from Raman 
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shift 1800 to 2800 cm-1 in the polyester spectrum. These results make a strong case for 

concentrating analysis below 1800 cm-1. 

The spectra selected from the Hotelling T2 Range chart of the red circled points in 

Figure 33, and reflect three different runs of virgin PET polymer material. The individual 

spectra are shown in Figure 34 to display their consistency. This system setup demonstrated 

the potential for good discrimination; therefore, a simple initial screening of Chemometrics 

analysis could be performed. 

 

 

Figure 35. Scores plot of the PC1 (t[1]) versus PC2 (t[2]) scores, of 3 groups of PET, Virgin 
and Recycled (RC1000 and RC2001). 
 

As discussed in the Chemometrics review above, score plots typically show the 

potential for discrimination when groups are expected to form due to similarities between 

spectra. In this case, when 3 polyester types were classified based on their principal component 

scores, the graph showed some level of discrimination between virgin groups (toward the lower 

left corner) and recycled polyester (groups toward the high right corner). This level of 

discrimination can be influenced by both the hardware and the methodology used to acquire 

the spectrum. Nevertheless, the level of discrimination found in the score plots, further analysis 

can be done using other tools of Chemometrics, such as contribution plots. 
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The PCA model for this matrix X provided a model with 3 principal components, where 

component 1 explained 97.5% of the data variance and component 2 explained 2.32%. 

Therefore, the accumulated R2 of 2 components in this model example was 99.8%. 

 

 

Figure 36. Score Contribution Plot of the polyester group (Virgin – RC1000), showing its 
differences by Raman Shift region, note the slope and peak height differences. 
 

When analyzing Figure 36, the score contribution plot displays the differences, in 

scaled units, for all the score terms in this model, between the RC1000 PET and the Virgin 

PET group. A few points can be made: 

a. The baseline inclination from 200 up to the 850 ~ 900 cm-1 range suggests a 

baseline removal technique might be required; 

b. Peak height differences (higher (413, 635 and 1002) and lower (851 and 1279) 

indicates higher stretching intensity on the O-CH2 bond in the ethylene glycol units 

from the virgin material when compared to the RC1000 recycled material and at 

the same time lower C(O)-O stretching, respectively, therefore molecular 
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differences can be detected using the Raman spectroscopy method to register 

differences between the two polyester polymers; 

 

Figure 37. Score Contribution Plot of the polyester group (RC1000 – RC2001), showing its 
differences by Raman Shift region. Note the slight slope and minimum peak height 
differences. This graph explains that no significant differences within the spectra of recycled 
PET exist when no data pre-processing is applied. 
 

Previously on the score plot, the recycled polyester did not form a unique and highly 

concentrated grouping. Figure 37 shows that there were no significant differences other than 

the baseline difference; in other words, the baseline was overwhelming any other differences 

that existed in the recycled polyester groups. Either this indicates that any modification in this 

scenario will facilitate identification of polymer anomalies, or fluorescence is so significant in 

this type of recycled polyester that other changes or differences are not noticed. Thus low level 

of discrimination requires the user to pre-process the data in the spectrum dataset in order to 

enhance discrimination. 

Another discrimination effort can be explored by considering the inherent differences 

of IPA level among the types of polyester being analyzed; it was expected that there was none 
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in the fiber-grade PET, some in the blended post-industrial and post-consumer recipe 

(RC2001), and more in the post-consumer only version (RC1000). Looking at the data from 

that standpoint, it was initially thought that the isophthalic acid (IPA) content levels were 

detected in the neighborhood of 1002 cm-1, the work of Bello 1990 characterizing isophthalic 

acid using Raman has identified 1010 cm-1 as it strongest band for the compound [88]. The only 

other possible explanation for that area was the presence of aromatic rings and their unique 

modes. Looking at the contribution plots for that region, a small amount of data activity can 

be detected.  

Therefore, a run plot of the average intensities between the Raman Shift in the 999 and 

1011 cm-1 region is shown in Figure 38. Note that we have run the three polymer types 

multiples times to see how stable the data would be, providing some level of understanding on 

variation levels. The plot displays intensity in arbitrary units versus the observations (a little 

over 280 observations). 

 

 

Figure 38. Graph of Intensity in arbitrary units of the specific region around the Raman Shift 
1000cm-1 range in 3 groups of PET for all 280 observations, showing potential differences of 
IPA content level for the groups. Note that the virgin polyester group is, as expected, always 
the lowest level. 
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The experimentation process did take place inside a laboratory and a considerable 

amount of dust was detected overtime, a note of caution when moving the system or testing it 

in an industrial environment where the amount of dust will be more. In order to remediate this 

a housing is recommended to involve the system into a more controlled environment, for that 

a consideration to have a filter and a cooling device is needed. If this option is limited another 

possibility is to take advantage of the optical fiber and leave the equipment inside a laboratory 

and extend the cord to the machine. 

Based on the discussion so far, from 4.1 to 4.3, some quick conclusions can be drawn 

and further discussion for modeling can take place in 4.4: 

 
a. Industrial-grade Raman equipment such as the RXN2 system is adequate to reliably 

acquire spectra in-melt; 

b. The collect spectra should be pre-processed in order to remove baseline 

(fluorescence); 

c. The data collection has to take place on melt for best results; 

 

4.4 IN-MELT USING HYPERFLUX 

 

4.4.1 Discrimination between Virgin and Recycled Polymers 

 

We began by collecting spectra in the wavelength range from 310 to 2100 cm-1 dividing 

into 950 wavelengths with its associated intensities, we refer to this as single observation, the 

collection of all spectra is defined as Matrix X, we also collected 27 variables from the process 

from Collin extruder associated to each spectra (observation) and refer to this as the response, 

the collection of all responses is Matrix Y. The dataset is a combination of Matrix X and Y, 

which consists of 7159 observations and their associated responses. Chemometrics is applied 

to matrices X and Y relating the spectra to the extruder parameters. 

Although he literature review strongly suggested the use of pre-processing, extensive 

analysis of this dataset was conducted in an effort to find ways to avoid pre-processing. The 
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discrimination results shown in Figure 39, makes it clear that discrimination was not possible 

without pre-processing. The two components in this 3-principal-component model explain 

99% of the model. The PCA model was constructed using only the input matrix (Matrix X) of 

the spectra acquired during the data collection period.  

 

 

Figure 39. PC1 versus PC2 Scores Plot of 3 polyester groups (Virgin and Recycled 
polyesters, RC1000 and RC2001). No discrimination was shown between them when no pre-
processing of the dataset was applied to the raw data. 
 

In Figure 39 the bi-plot of the scores of the principal component 1 and 2 is displayed, 

the principal components for each day that the spectra were collected form a diagonal line. 

Roughly three diagonal lines are seen and each polymer occupied an area of the plot, without 

much geographical order or alignment in the plot. The baseline variation was so strong that the 

first principal component was dominated by it, and the peak variation became less important 

using this approach of principal components analysis (PCA-X, on Matrix X). This was 

definitely not a desirable result because the background prevented discrimination between the 

polymers. 



 

94 

Another way to verify the power of discrimination on the PCA-X bi-plot is to observe 

how close or separated the virgin polymer is to the other two groups of recycled polymer. This 

observation should indicate how well the model is able to treat the data because this polymer 

has the least amount of variation, degradation, additives, and contamination of the three groups. 

To resolve the issue of non-discrimination, a new approach used pre-processing in the same 

dataset, wherein all spectra first had their backgrounds removed, then had their peaks 

normalized. The process is described next.  

The mathematical and statistical approach used in the SIMCA software has been 

extensively discussed in the literature [52, 55, 59, 75, 82, 84, 89] and in Section 2.8, where examples 

showed the power of the technique in multiple fields. To demonstrate the impact of pre-treating 

the dataset prior to its analysis (that is, to exemplify pre-processing), 19 observations were 

extracted from the original dataset. Observations were only extracted from the virgin polyester 

material. Figure 41 shows the results. To the left is the original data, in the center is the data 

with background removed, and to the right is the data with standard normal variate (SNV) 

applied. The three pre-processing steps were as follows: 

a. Spectra collection. This step followed the chosen methodology, in-melt probe using 

a Tornado Hyperflux industrial-grade Raman. 

b. Background removal. To remove the background (the approach used to pre-process 

the data), the approach was to apply the peak- clipping algorithm to the original 

data. The algorithm enabled the background to be defined and therefore removed 

from the original spectrum (as seen on Figure 41 left). Only the peaks remained (as 

seen on Figure 41 center). Due to lack of scaling, the heights of the peaks vary 

based on their original spectrum. 

c. Data normalization. – A SNV procedure was applied in order to normalize the 

spectrum. The normalization power is shown on the right of Figure 41, where the 

19 spectra for the virgin polyester material are very well defined.  
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Figure 40. Three proposed pre-processing steps. The original spectra of Virgin polyester 
(Step l).  

 

 

Figure 41. Three proposed pre-processing steps. The same spectra with background removed 
via pre-processing (Step 2).  
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Figure 42. Three proposed pre-processing steps. The data following normalization via the 
application of SNV (Step 3).  

 

 

After these pre-processing steps were applied to the entire dataset, a discrimination 

analysis was conducted using the model “Partial Least Square – Discriminant Analysis, PLS-

DA” in SIMCA13. This procedure basically creates a dummy “Y” variable, Matrix “D” for 

each of the three classes, in this case, virgin PET, RC1000, and RC2001. The score scatter plot 

for this model is shown in Figure 43. This procedure is discussed in the section “Discriminant 

Analysis – PLS-DA.” on 2.7.4. 

In this plot, matrix X is unchanged. The variables are the Raman shift, and each 

spectrum is an observation. For the discrimination, an output Matrix D is created (response or 

discrimination matrix), where this D response matrix has “n” columns according to the number 

of classes. In this case, there were 3 columns because there were 3 groups or classes, each 

containing a logical zero (= not in class) or one (= in class) for each sample (row). As shown, 

the discrimination level did improve, but still there were points that were not well 

discriminated. In the graph, SIMCA draws the elliptical confidence interval, using a 0.05 

confidence level based on Hotelling's T2 for the entire dataset. 
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The score scatter plot in Figure 43 is a two-dimensional representation of two 

components of the model. In this case, components 1 and 2 were selected. The fitting R2 value 

achieved in the X matrix was 90.3% for component 1 and 4.34% for component 2; therefore, 

these two components alone explain 94.6% of the model. 

 

 

 

Figure 43. Graph of PC1 and PC2 Scores Plot, from a Discriminant Analysis Model after 
pre-processing the dataset and applying PLS-DA from SIMCA-P to the 3 polyester groups. 
Still no clear separation is seen among the 3 groups or classes. 

 

In an attempt to improve discrimination, another data analysis was performed using 

“Orthogonal Partial Least Square – Discriminant Analysis (OPLS-DA).” Here there was an 

additional objective to model and interpret variations in Matrix X (input) that were orthogonal to 

Matrix Y (response). This model had two parts, a predictive one with a cumulative R2 of 13% and 

2 components, plus an orthogonal component in X that had 5 components with an R2 of 83.2%. 

Therefore, all 6 principal components of this model can explain 96.2% of the dataset. To 

remember from 2.7.4 & 2.7.5 OPLS-DA “The purpose of OPLS is to remove variation from 

Matrix X (variables matrix) that is not correlated to the special case response Matrix D; in 

mathematical terms, this is equivalent to removing systematic variation in X that is orthogonal 
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to D. This approach is relevant to the present study because it addresses systematic variation 

like light scattering and differences in spectroscopic path length, and it may often constitute 

the major part of the variation of the sample spectra.” 

Figure 44 shows the best grouping or discrimination so far, based on the baseline pre-

processing and normalization technique. In other words, for a new observation, the probability 

that a given point belongs to one of the three groups can be evaluated with higher certainty 

than with any of the previous models. Therefore, going forward, the OPLS algorithm was used 

to model the data. Furthermore, instead of using a discrimination matrix as the response matrix, 

the process response of interest, e.g. the melt temperature in the extruder or melt pressure in 

the capillary of the die has been used. This robust technique makes it possible to further 

discriminate other regions of the spectrum and to determine other differences, such as 

identifying other chemical differences among the three polymer test groups. The following 

paragraphs will discuss these points in greater detail. 

 

 

Figure 44. Graph of the PC1 and PC2 Scores Plot in the OPLS-DA model. This model 
clearly shows discrimination among the 3 groups by using only two principal components. 

 

In order to verify whether there is a chemical explanation for the separation among 

groups in this model, the Variable Importance to Projection (VIP) tool was used. In the VIP 
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graph, only variables (wavelengths) that had the highest VIP value were selected to highlight 

only those variables that reflected a major influence in the model. Plotting the loadings in 

Figure 45, it can be seen that the major variables were concentrated in roughly 4 regions of the 

spectrum (1602 cm-1, 1725 cm-1, 1280 cm-1, 1100 cm-1). Each one of these regions are 

discussed individually below. 

 

 

 

Figure 45. Loadings Line Plot versus Raman Shift bands (in cm-1) from the OPLS-DA 
model, showing which peaks are responsible for the separation found in the scores plot and 
the scale of their importance. This graph facilitates the finding of chemical relevance for the 
peaks selected as the main factors in differences among the 3 polyester groups. 
 

 

The main conclusion to be drawn from Figure 45 is that, in the OPLS-DA model 

constructed, the main Raman shift bands for all 3 groups are, from the most to least relevant 

regions, 1602 cm-1 stretching of the C1-C4 carbons of the benzene ring, 1725 cm-1 carbonyl 

stretching mode C=O, 1280 cm-1, C(O)-O stretching, and 1100 cm-1 ether and alcohol-ethers. 

Although the OPLS-DA analysis showed the main factors (bands) for all three groups, 

the only tool that can show what is driving the difference between two groups is the 

contribution plot. In order to visualize the group-to-group discrimination, the contribution plot 

displays the differences among the groups, which are expressed as scaled units for all terms in 

the model. The differences were calculated between one group of observations and the other, 

and then multiplied by the absolute value of the normalized weight. The following contribution 
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graphs were achieved by comparing one entire available group to another in order to visualize 

what drives the differences in weighted scaled units, as shown in Figure 46. The virgin PET 

exhibits explicit differences from RC1000 in five (potentially six) ranges of Raman shift bands, 

thus providing distinctive differences or ranges that have the greatest variability when 

compared to virgin materials. 

 

 

Figure 46. Scores contribution plot versus Raman Shift bands in cm-1, showing the important 
regions when the difference of scores between Virgin – RC1000 is calculated. According to 
this graph, the top three regions are 1602, 1725 and 630 cm-1 bands. Also clear are the 
regions, close to zero, where no differences were found. 

 

Figure 47 shows the explicit differences between virgin PET and RC2001 in four 

(potentially five) ranges of Raman shift, providing distinctively different ranges that have the 

most variability in them (as compared to virgin materials). 

 

One can take the time to go back to “Figure 36. Score Contribution Plot of the polyester 

group (Virgin – RC1000), showing its differences by Raman Shift region, note the slope and 

peak height differences.” showed on 4.3.1 before no distinct differences could be seen and now 



 

101 

the regions that are different are much better defined and also make chemical sense, this shows 

the significant change enabled by both the system and data treatment. 

The following figure will show the other recycle polyester recipe and its regions of 

importance that are different from virgin. 

These peaks will be listed in a table so that the regions can be chemically identified, 

this table can be considered a subset of the previous listed “Table 5. Relevant PET bands [48-

50]” where the references were provided. 

 

 

Figure 47. Scores contribution plot versus Raman Shift bands in cm-1, showing the important 
regions when the difference of scores between Virgin – RC2001 were calculated. According 
to this graph, the top three regions were 1602, 1725, and 630 cm-1 bands. Also clear are the 
regions, close to zero, where no differences were found. 

 

Table 9 summarizes the most important bands found in this model analysis, listed along 

with their chemical relationships according to the literature. 
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Table 9. Summary of relevant Raman Shift ranges. 

Band cm-1  Chemical information 

~629 Benzene Ring  

~850 Ring CC and C(O)-O stretching 

~1002 

O-CH2 bond, aromatic moiety, not present in virgin 
material. 

RC1000 – significant 

RC2001 – present but less significant 

~1276 C(O)-O stretching 

~1606 Stretching of the C1–C4 – carbons of the benzene ring 

~1725 Carbonyl –stretching mode, C=O 

 

 

All of the significant ranges of Raman shift that are present in the recycled stream are 

also present in the virgin polyester material; this demonstrates the robustness of the system in 

that it is capable of detecting the differences between the recycled material, such as the amount 

of additives, heat elements present in the recycle stream, molecular weight differences, etc.—

all of those differences that are most likely explained by the peaks’ height differences.  

The Raman band near 1002 cm-1 is only found in the recycled materials, therefore it is 

potentially related to degradation, which is widely present in the recycled stream, or it could 

be related to the presence of IPA, that is often found in bottle resin. The model above suggests 

that recycled material variability can be measured and referenced to known virgin material 

using an in-melt Raman probe. 

Using the same criteria that were previously used to judge the data collection and 

analysis of solids, the following important verification questions arise with respect to the 

method: 

a. Regarding the experiment, did the system setup allow continuous data 

collection for sufficient time to allow real-time process corrections?  

Yes, the system collected the spectrum indexed by a timestamp, the operator 

logged the material “class” while performing the tests, and a dataset could 
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be prepared that combined the spectrum dataset with the materials log list 

created by the operator. This dataset had to be pre-processed before the 

model was built. 

b. How uniform and reliable was the data of the “known” polymers?  

The best-known polymer was the Virgin polyester. The model was able to 

discriminate virgin material exhibiting a defined cluster. Therefore, the data 

was uniform and reliable. 

c. Is there any level of discrimination when different materials are added? 

Can different feed materials be discriminated?  

In this case, the two different materials in question were the recycled 

materials recipes RC1000 and RC2001; their discriminations were very 

well-defined in the model. 

d. Is there a particular procedure required to keep the experiment running for 

long periods of time (longer than 24 hours)?  

No, to develop automated procedure requires further study. For the daily 

data collection, researchers can follow the steps described in item “a”. This 

file will be up to ~7GB, so for multiple days, the days must be added for 

manual analysis. Therefore, as of today, the system is not a fully automated 

online tool. 

 

4.4.2 Predicting Molten Polymer Temperature and Pressure 

 

So far in this dissertation, procedures have been developed to define the proper material 

state (molten polymer measured in-melt) and Raman instrumentation (Hyperflux from 

Tornado) to allow discrimination of the materials being processed. With this discrimination 

now possible, as shown on 4.4.1, a model can be built to allow further characterization of the 

material. This model must be able to predict important known properties of the polymer, like 

melt viscosity. In order to predict melt viscosity, it is necessary to determine the molten 

polymer temperature and melt pressure. 
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Internal studies at RRC showed a linear relationship between IV and melt viscosity 

(MV) in the range of 0.55 to 0.90 IV and 50 to 125 Pa∙s, given by IV = 0.01∙MV + 0.53. This 

relationship is useful to determine a general guideline for materials that can be processed in 

the described extruder. Outside this range, the material requires a special extruder design. 

The apparent melt viscosity (ηa, Pa*s) of a material can be obtained from the shear 

stress versus shear rate diagram. To calculate the apparent viscosity (ηa,i) at any given shear 

rate (Ẏi, s-1), we use the relationship between shear stress (τi, Pa) and shear rate (Ẏi), Equation 

2, in the Collins mini-extruder. In this study, the shear rate is limited to the throughput (18 

cm3/min) and capillary diameter (0.8 mm). The shear stress (Force / Area) is a function of the 

melt pressure measured at the capillary; thus, if the melt pressure can be modeled, the melt 

viscosity also can be calculated. 

J�,L = ML
ẎL        Equation 2 

For the case of the Collin extruder, the melt viscosity can be defined as follows: 

JO��P ∗ PQ = MOR��Q
ẎSPT�U  =

V�OW�XQ∗��Y∗�XO��Q
Z∗[O��Q∗��T\

R∗Z∗]O^�\∗�L�T�Q
_∗X\O��Q

   Equation 3 

Equation 3 shows the relation from pressure and melt viscosity. The variable pressure 

is given by Δ�OabcQ provided by the dynisco probe in the smaller capillary orifice, which is 

defined by its radius cOddQ=0.4mm and length eOddQ=8.8mm. The flow 3Ofdg ∗ dhiD&Q is 

also defined in this extruder by 0.6[cm3*revolution]*30[rpm]=18cm3*min-1. For the 

adjustment of the formula, a constant of the extruder was added, K=16.67. The constant flow 

of molten polymer through the capillary generates a pressure variation due to material being 

extruded, and this pressure variation can be related to melt viscosity, which is one of the most 

important predictors of material quality in downstream processes. For the purposes of this 

dissertation, the relationship can be summarized as follows: 

JO��P ∗ PQ = V�OW�XQ ∗ �. \k�k    Equation 4 
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Because the relationship of melt viscosity and melt pressure is well-defined in Equation 4, the 

discussion will show the melt pressure as read off the Collin extruder. However, the 

transformation can be done any time, as desired. 

In order to demonstrate causality, a subset of the dataset described in Section 4.3.1 was 

used as matrix X, and the corresponding melt temperature and pressure from Collin mini-

extruder as matrix Y. With this new dataset, a model was created. The dataset used to develop 

the model contained 4290 observations and 943 variables (941 variables as Raman shifts {300 

to 2100} in matrix X and 2 responses: melt temperature and pressure, as matrix Y).  

The general linear regression of the model is given in Equation 5. In this case, when 

“Y” is the melt pressure, “X” includes the terms of the equation, which are the Raman band 

multiplied by the coefficients: bl& (from the table in Figure 48, b = Raman Shift 310.788 cm-

1 and l& = -8.88214e-005), al� (from the table in Figure 48, a = Raman Shift 313.124 cm-1 

and l� = -0.00132162), flg (from the table in Figure 48, f = Raman shift 315.460 cm-1 and lg 

= 0.00100437, …). In this model, the last variable is the 941st Raman shift (Raman shift 

2094.440 cm-1); therefore, “n” goes from 1 to the 941st variable, plus the constant “k” (from 

the table in Figure 48, k = 6.17362). 

m = ��� + W�� + ⋯ ! ��� ! n      Equation 5 

  

Figure 48. Screen image from the linear equation coefficients of the OPLS model used to 
calculate melt pressure. The columns used in the equation to calculate melt pressure are in 
the table from the left: Var ID ([Shift cm-1]) and M11.CoeffCS[2](…pressure…{bar}). 
 

Figure 48 shows that in addition to the equation terms, the coefficient of variation of 

each term was also provided. 
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Figure 49. Typical table available for every OPLS model created.  From the left, the 
prediction set has the variables’ information, the principal components scores, the variables 
normalized (Matrix X), the responses (Matrix Y), and the calculated values. 
 

To validate the model, a Test Set (TS) was left out of the Work Set (WS) that generated 

the model, and a Q2 (cum) was calculated as 0.908. Equation 6 shows how Q2 (cum) is 

computed for the extracted components, where [a = 1, … A] are all the components of the 

model, and П(PRESS/SS)a = the product of PRediction Error Sum of Squares (PRESS)/Sum 

of Squares (SS) for each individual component a. This cumulative value shows the predictive 

power of the model, not just fitting such as R2. 

]��^o�	 = ?�. � ) p ?�qrss
ss E�E   (Equation 6) 

Figure 50 shows the entire model, component by component. 
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Figure 50. This OPLS model summary window shows the number of observations, variables, 
and principal components for this model. The image also shows the fitness (R2) and goodness 
(Q2) of the entire OPLS model. For the individual principal components, fitness (R2) is also 
shown. 
 

In Figure 51 and Figure 52, the predicted results are plotted against the actual results, 

and the R2 is displayed. For the melt temperature, R2 is 0.90, while for the melt pressure, R2 is 

0.94. The drawback of the obtained association measure (R2) is that it does not relate to the 

measurement unit observed, Y. To interpret the performance of the linear regression model 

and obtain a performance measure that relates to the unit observed, Y, the Root Mean Square 

Error of Estimation is denoted in the graphs (RMSEE). This result is computed as stated in 

Equation 5, where Yobs – Ypred refers to the fitted residuals for the observations in the 

workset.  

qtsrr =  >u�mvWPDmwXxy	�
zD�    (Equation 7) 

Therefore, the RMSEE for the melt temperature is 0.25 and for the melt pressure is 8.31. 

From the analysis performed above we were able to predict the melt temperature and 

pressure combined with good precision; this shows hope for being able to obtain equally 

important but less easily measured process parameters or polymer variation. 

Figure 51 and Figure 52 below show the actual values (versus calculated values) of 

melt temperature and melt pressure, respectively. This comparison is meant to reinforce the 

value of extracting this important polymer’s rheological information directly from the 



 

108 

molecular form using Raman spectroscopy. In other words, the online Raman data extracted 

directly from the extruder can show dynamic results of melt viscosity, and its variations can 

be used to classify materials. This approach to materials analysis can enhance the quality 

consistency of the final product because, in theory, the method can be applied to any other 

extrusion process after a similar calibration process is performed. 

In Figure 51, the actual versus calculated molten polymer temperature (melt 

temperature) was achieved with a R2 of 90. The result of the melt temperature is highly 

correlated with melt pressure. 

 

 

Figure 51. Scatter plot of actual versus predicted melt temperature values. The scatter plot 
provides the R2 and error (RMSEE). 
 

It is very important for any process improvement or process understanding, the ability 

to define regions that can be considered normal to result in the best product quality in order to 

make it easier to identify when abnormal behavior happens and thus correct it. 

In the same way, in Figure 52, the actual versus calculated values of melt temperature, 

based on the spectral information extracted, are shown with a R2 of 93.9%. Note that the results 

in the graph vary within regions, clearly showing that each polymer has its intrinsic variations, 
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and that the variation can come from processing of the material or contaminants in it. In this 

case, the variation in the virgin polymer is most likely due to the level of moisture in it (a 

quality of the drying process), and the variation of the recycled material is possibly from the 

contaminants and/or moisture in each part of the recipe for the RC1000 and RC2001 recycled 

polyester recipes. 

 

 

Figure 52. Scatter plot of actual versus predicted melt pressure values. The scatter plot 
provides the R2 and error (RMSEE). 

 

At this point we have demonstrated a procedure to collect Raman spectrum, treat those 

spectra and use it to predict melt temperature and melt pressure, this should create a good 

foundation to further studies that can take this to another level of importance. Raman being 

connected to in melt on any extrusion can be used to collect spectra from the melt and those 

spectra can be discriminated according to the raw material being used to capture changes in 

the molecular level of the material, changes that results on properties changes that can be 

desirable or not. 
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5 CONCLUSIONS 

 

Recycling is a thriving business whose further development will be driven by consumer 

choice and the growing environmental awareness of younger generations. In this context, the 

proper characterization and evaluation of recycled materials over time is imperative. 

This dissertation described the development of a methodology to utilize Raman spectra 

in conjunction with Chemometrics analysis, with the appropriate system and baseline 

normalization. This technique was demonstrated to differentiate between various recycled 

polymer recipes, and between recycled and virgin polymer. The results were achieved using 

an in-line Raman probe in the melt and Chemometrics. It can be incorporated as a real-time 

process analytical tool for continuous improvement of both the process and product while 

collecting data on-melt.  

The spectra collected with the in-melt approach were by far the most reliable compared 

with the readings collected by acquiring spectrum in the extrudate and the solid pellets surface. 

The discrimination was realized by including only 5 wavelength ranges in the Raman 

shift spectrum, and one range, unique for the recycled stream, was identified using principal 

components analysis. 

This discrimination analysis verified the ability to reliably predict the melt temperature 

and melt pressure, and therefore the melt viscosity, of a material. This finding can form the 

basis of a new, real-time melt viscosity feedback control system. 

As a summary of the lessons learned about the equipment during the various 

experiments, the Raman instrument with its overall hardware was key to the experiment’s 

success. Important observations from this process included the following: 

a. Probe fitting inside the extruder. Thus far, no accumulation of degraded polymer 

on the side of the probe was encountered. It is necessary to adjust the face of the 

probe as flush to the wall of the extruder as possible. 

b. Sapphire window. Over time, there is buildup on the window that can change 

spectra intensity and/or quality, so users should seek possible finishing that will 
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minimize or eliminate cleaning cycles. For the work reported here, the probe 

window was cleaned once per day. 

c. Optical fiber fitting. The connection needs to be far from the extruder to avoid 

excess heating, and the probe body needs to be long to enable easier handling in 

regards to its body temperature. 

d. Laser. The system must have a robust cooling system to ensure the reliability of the 

laser and the readings over longer periods of time; typically, industrial systems keep 

inside temperatures below -35ºC. 

e. Dust. Our experimentation was conducted inside a lab, and we did detect large 

deposits of dust over time; in the industrial environment, even more dust is present. 

In the recycle center, dust will surely deposit on the system over time, so to protect 

the system, a “housing” can be built around it. Another option when using Raman 

in the industrial environment is to make the fiber optics long enough that the system 

can be kept inside the lab. 

f. Adequate computing power. It is important to provide adequate processing 

capability in a time that is relevant to the process being analyzed, e.g. minutes. This 

data is stored, pre-processed, and modeled for online analysis. In addition, for 

backward analysis it is necessary to have adequate storage, and most importantly 

retrieving this data. Standard PC will not easily process more than 3 to 4 days stored 

runs, longer reading periods will generate a sizable matrix of data in the order of 

roughly 50MB/day. Commercial systems can be bought to store and process this 

data, however they are not designed and available today for a full year stored 

production data, a major obstacle is storage and retrieval of relevant data. 

The important outcomes of the work were to demonstrate that a system can be set up 

in the extruder to extract spectrum data, and the spectra collected can predict important 

polymer properties such as melt viscosity with fairly low error (RMSEE of 8.31 in the melt 

pressure prediction model). This system is a combination of three main factors: 



 

112 

 Hardware – we showed that hand-held system is not enough for spectra 

collection, a full bench top spectrometer with proper cooling system, is necessary, this 

spectrometer must also have software for data collection and storage; 

 Probe and placement of the probe – the spectrometer will be collecting data 

from the probe that must be placed facing the melt, attempts to read on solid state were not 

successful, and by facing the melt the probe will suffer from high temperature and pressure, 

this requires adequate material to allow long term usage of the probe. The best place to read is 

at the extruder throat near the end of the extruder (as close as possible to see the final material).; 

 Data pre-processing – the spectra collected will vary based on the material, but 

on this polyester case we saw that there is a lot of background and noise that can be easily 

removed by pre-processing; 

 Chemometrics – for the analysis Chemometrics was used, in the explored tools 

available, the most important modeling tool of this statistical method is that OPLS showed the 

best results for prediction of melt temperature and melt pressure; 
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6 FUTURE WORK 

This list of potential future projects stemming from this work is a long one. The 

dissertation only touched the tip of the iceberg of possibilities, investigating just one system 

and methodology for allowing polymer characterization in-line. Future work could address the 

following: 

a. Explore other systems (spectrometer, probes, software), including different 

spectrometers that have better technology or just new releases. 

b. Probe placement – this work did not evaluate placement of the probe in the 

extension of the extruder, only near to the end of the extruder. 

c. Improve upon the proposed methodology, for example by using a more on-line 

approach for faster analysis and feedback. 

d. Extend the exploration of contaminants and other properties (the dissertation did 

focus on melt temperature and pressure, but as mentioned in the dissertation, there 

are other points of interest, including IPA content (known to be largely used on the 

bottle industry), acid content, and other contaminants of interest). 

e. Take the approach from the benchtop extruder and expand it by installing the 

probe/system in a big production machine (some preliminary work on the recycling 

lines have suggested the possibility that recipe changes can be noted, variability can 

be easily measured, and machine failures can be detected before the machine 

actually stops). 

f. Chemometrics tools were used and the best model recommended, in the future with 

the evolution of the science better methods can be tested or new approach other 

than chemometrics. 

With respect to process control, product quality, process improvement, and polymer 

characterization, some hypotheses can be outlined, with respective metrics, for testing: 

A. Some polymer material properties can be measured on-line with enough confidence 

to minimize or eliminate destructive testing currently in use. (Correlation of off-
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line destructive testing with the spectrum dataset using PLS can be used to test this 

hypothesis.) 

B. Machine stops due to quality issues can be reduced. (Machine efficiency trend.) 

C. Product quality can be improved. (Intrinsic viscosity trend, filtration cost, and color 

trend.) 

Based on the three hypotheses above, a robust framework can be defined for future 

work.  
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8 APPENDIX – BACKGROUND REMOVAL 

 

8.1 Appendix 1A 

The pre-processing steps followed were as follows: 

b. The spectra dataset were exported in a csv file. 

c. R software was loaded. 

d. Load the Peaks package; a description of this package created by Moharc [79, 80] can 

be found at http://cran.r-project.org/web/packages/Peaks/Peaks.pdf (accessed 

6/14/15). The algorithm was extensively discussed in the work of Morhac et al. [79], 

and for this specific analysis, the order level used was 8. 

e. Load a script that will execute the background removal; in this case, the script file 

was aus.R, detailed below: 

• ## open file 

• Q<-

read.table("C:\\....\\rsubtest.csv",header=TRUE,check.names=FALSE,sep

=",") 

• ## splitting spectra from rest 

• Q1<-Q[,1:5] 

• Q<-as.matrix(Q[,5:NCOL(Q)]) 

• ## acquiring memory 

• Q.t<-as.matrix(Q) 

• Peaks:::.First.lib(dirname(find.package("Peaks")), "Peaks") 

• ### doing SNIP for every spectra 

• require(Peaks) 

• for (i in 1:NROW(Q)) 

•  { 
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•  Q.t[i,]<-Q[i,]-SpectrumBackground(as.numeric(as.vector(Q[i,])), 

order=c("8")) 

•  print(i) 

•  } 

•  

• ### plot 12. spectrum 

• plot(Q.t[12,],type='l') 

•  

• ## combining spectra and rest 

• SAVE<-cbind(Q1,Q.t) 

•  

• ## save 

• write.table(SAVE,"ALL_Pellets_corr.txt",quote=FALSE) 

f. The dataset with the removed background in this case was the file 

“ALL_Pellets_corr.txt”; this now will be used as the new spectra dataset. 

g. Load the new dataset into SIMCA-P and apply the Standard Normal Variate (SNV) 

filter. When applying the SNV filter, each observation (spectra) is normalized by 

subtracting the mean and dividing by the standard deviation; this procedure follows 

the work of Barnes [90]. 

h. The dataset is ready for model-building. 

 

 

 


