ABSTRACT

SILVA, EDMIR AUGUSTO. Raman Spectroscopy and Cheratiios Applied to Recycled
Polyethylene Terephthalate. (Under the directioBiofStephen Michielsen).

For decades, polyester polymer has maintaineplog#tion as the polymer of
choice for multiple applications. Recently, recggliof polyester has become very popular.
Given the challenge of process control, this dissien suggests Raman spectroscopy as a
viable soft, non-destructive analysis tool for disgnation and potential characterization of
the melt stream. This research found that Ramanbeaapplied to recycled Polyethylene
Terephthalate (PET) to ameliorate the productidrgqoglity materials by predicting melt
viscosity and detecting polymer contaminants. Isi@nd that melt temperature and melt
pressure could be predicted using Chemometrics,t@nich as OPLS, when spectra were
collected from a Raman probe facing the melt irobgster extruder. This work opens the
door to the usage of spectrometer in the extrusebech more often than it is today; most of the
Raman work published in polyester is regarding tatisity. This thesis will list some of
those, but none of the existing literature spemds showing how to predict melt viscosity,
for example. This dissertation will show how toatdhte it from the melt pressure. In the
future a lot more important information can be agted from the same system described here
due to the system proposed: spectrometer, pradieststal method for pre and post processing

the data and predictive model.
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1 INTRODUCTION

PET, or poly(ethylene terephthalate), commonlyethppolyester, has consolidated its
position as the polymer of choice for many appiaad due to its ease of use and its excellent
physical, mechanical, thermal, optical, and bapieperties I Polyester has a diverse array
of end uses, appearing across a broad spectrunoauigts, including film, X-ray film, bottles
(blow-molded containers), sheets, coatings, foak@ging, pharmaceutical packaging, video
and audio tapes, textile fibers, yarns and fabns)lation foam, automotive parts, industrial
cords and strapping, and hardware and electricapooents for assorted office and industrial
uses. As of 2005, the annual polyester consumptaidwide topped 50 million tons (Figure
1), and today, of all synthetic fibers consumed|dwide, polyester's share is almost 73%.
Table 1 shows the fiber consumption by region lhertop 4 synthetic fibers worldwide. The
data are from 2007 and 2008, just before the ecanaensis, yet the high levels of pre-
recession consumption have changed little in tharsyesince the crisis. These numbers
demonstrate the overwhelming importance of thisennat

Given the widespread consumption of PET, industailed governments alike have
recognized the need for effective recycling proessbBiscarded plastics are not just a concern
for the industry; they are also a concern for tbeegnment that has to manage the municipal
solid waste.j Markets sometimes refer to discarded materiala asine above ground,” and
the Environmental Protection Agency (EPA) estimales plastic accounts for 20 to 25% of
all waste streams. A major reason that the reoyabinplastics is almost imperative is that
plastics make up 10 to 20% of existing solid wamsteveight, but 2 to 3 times that amount by
volume due to its low density. Thus, plastics rediandfill capacity and cause environmental
pollution. Recycling can help to overcome this peai by keeping plastics out of landfills; in
addition, recycling can lead to the production dful products through collection, separation,
washing/cleaning, and reprocessing. Another matmato recycle, in addition to the
environmental pressure to improve waste managemeantjts slow rate of natural

decomposition, is that recycling is economicglAccording to Nikles et al. (2005), recyclers



receive about 10 cents per pound, where the poiceléar PET regrind is around 30 cents per
pound, and chip prices can reach 65 cents per pdumd means that recycling provides a
sustainable stream of raw material and a robusheésis model for the industry. The need for
effective polyester recycling is one of the maintinations for the work described in this
dissertation.q Indeed, the polyester-recycling process thatdesloped over the years has
now reached a mature age at which consumers camhyobuy products that contain recycled

polyesters, but can also support recycling throsgjbctive waste management.
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Figure 1. Worldwide PET Production by Region, asspnted by PCI Fibres at Sinthetic Yarn and Fils=o&iation, Charlotte,

NC, August 2015.



Table 1. Consumption of top 4 synthetic fibers &égion, year, and fiber. [Reproduced frém

Fibre type
- polvester polvolefin polyamide polyacry_,'lonil:rilc
L thousands of tons thousands of tons thousands of ions thousands of tons

2007y, | 2008y, | = [2007y. | 2008y, | ™ [2007y. | 2008y, | =% [2007y. | 2008y, | =%
Western Europe 677 566 =16 1590 1418 -11 451 415 -8 408 43 -16
Turkey 401 339 o 624 298 -8 51 41 20 287 242 -6
Eastern Europe i 266 -2 190 187 -2 166 154 -7 98 90 -8
USA 1240 1060 15 1298 1116 -14 937 741 =21 - - -
Canada - - - 86 13 -15 143 122 =15 - - -
Mexico 149 112 -25 87 81 ] 43 29 -33 54 45 -17
South America 311 273 =12 322 312 -3 104 96 -8 68 65 -4
China 19251 20046 +4 1053 997 =5 1007 1083 +8 801 604  -25
India 2272 2090 -8 114 112 -2 95 90 -3 79 81 +3
Taiwan 1813 1592 -16 171 158 -8 408 302 -26 137 84 -39
South Korea 1245 1157 -7 129 121 -6 145 131  -10 110 93 -15
Japan 465 435 -6 179 176 -2 122 114 -1 241 150 -38
Other Asian countries* 2709 2536 -6 424 394 =] 145 131  -10 110 93 15
Other** 290 248 -14 502 496 -1 76 63 =17 70 T4 +6
Total 31095 30650 -15 6647 5939 -8 3891 3512 -10 2406 1913 -20

*Including film fibres (sliver) and spunbond.
**Including spandex, aramid, fluorine- and chlorine-derivative fibres,



Most of the literature that discusses the recyatihgolyester indicates that the fiber’s
recycling capabilities can be up to 90%, dependimghe country. The National Association
for PET Container Resources (NAPCOR) reported ltgate end of 2013 in urban areas of
the United States, recycling had reached 31.2%s fiduycling rate suggests that there is a
great potential for improvement. Indeed, the atddaaw material will increase over time as
the recycling rate reaches nearly 100% in the dri8&ates (yearly reports can be accessed at

WWwWWw.napcor.com).

As governments move in the direction of requedtiregndustry to be more responsible
for, or to better facilitate, material recyclingesvafter sales, the waste stream will become
more and more reliable and clean. We should al$danget that as the price of virgin PET
remains stable, new and cheaper technologies ¢yclieg PET give an added value to the
PET recycling industry. As one might imagine, tbed decomposition time in nature is due
to the fact that no known organism is able to camesuts relatively large molecules, and
therefore, chemical or mechanical processes amseary to do so.

Given this context of high polyester consumptiod arcreasing demand for polyester
recycling, this dissertation focuses on the reogchf polyester for the fiber industry. In that
industry, the requirement of constant physical props and performance is very demanding;
as can be expected, a good product comes froma rg@omaterial. In order to monitor the
raw material today, a set of existing methods aegluo control the process. This dissertation
is concerned with how to improve those methods.

This dissertation describes the molecular structifrpolyester, discusses recycling
techniques, and points out important properties@mtentrates in the fiber industry supply
chain. Chapter 2 details the production of recygeltyester chips (or pellets) using thermo-
mechanical extrusion processes, as well as otHevam® methods. The caveat of those
methods is they are all destructive, requiring mp@ehensive statistical sampling plan for
quality control, as well as trained laboratory t&ckans, expensive equipment, constant
calibration, and elaborate process control schetuego data being auto-correlated. All this
will provide information with a considerable lagrie, slowing production (due to the testing)

unless manufacturing choses to create “bufferghaball material being used is checked first.



Another challenge is that due to the nature ofckay, a lot of blended material is expected
for each production run or batch, so a robust ntethast account for the multiple parts of its
final blend characteristics. The literature reviewChapter 2 also explains and highlights the
main properties one should be concerned with wieegcting polyester, and explains what
Raman spectroscopy and Chemometrics are. Chamtes@ibes in detail the experimental
procedures to analyze the material, as well as different equipment used, and the
experimental methodology. The goal is to define Itlest combination of equipment and
software. The results and discussions describpdbgibilities are explored in Chapter 4, along
with the best results achieved with in-melt measanets. This enabled a collection of a dataset
that is discriminated using Chemometrics tools #rat exemplifies causality with known
properties such as melt temperature and melt pessu

Considering all the above points, this dissertapimposes to use Raman spectroscopy
as a soft sensor in an extrusion line of thermokaeical recycling of polyester, combined

with Chemometrics, using SIMCA 13 (www.umetrics.gotn provide an inline process

analytical tool in the melt stream of the extrusgwacess. The dissertation provides a detailed
pathway to the characterization of raw material®ugh the molecular fingerprint in-melt
provided by the Raman spectrum; the use of th@mnétion can enhance raw material quality
by supplying objective direction to suppliers upatn; provide guidelines for better blending
so that the final product is more stable and rédiadind act as a soft sensor with a broad scope
in case undesired material changes occur. In sugnie main objectives of this study were
as follows:

Determine optimized Raman spectrometer configunatiospectrometer and

probe that can provide clear spectra collection.

Identify data analysis methods for PET recycle nstteam capable of

discriminating between polymeric materials and rth&ey processing

parameters.

Develop Chemometrics multivariate statistical as@lytools that accurately

predict the melt pressure (IV, filtration perforncan contamination)

characteristics of the resultant polymer stream.



From an operational perspective, this dissertatoliresses the following key
guestions:

A. Canan on-line measurement system provide continuctasaddlection in a manner
that would allow real-time analysis and subseqtesdback control?

B. Are the results consistent and sufficiently acauret adequately differentiate
various “known” polymers individually?

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

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

time?

The recycle polymer will tend to change over timd the potential to use data archived
can be great in order to verify what has changedgathe time being investigated and

also to find patterns, if they exist in the daté&haut having to re-run tests.



2 LITERATURE REVIEW

The topics being reviewed in this chapter are irtgodrto show what typically
researchers look for when analyzing polyester, the&sussion happens on 2.1 with the
molecular structure and some degradation reactiolieyed by the recycling methods, on
2.2, focusing on the thermo-mechanical recycling, 23, the recycling has some key
properties that need better understanding of whabne today typically, discussed on 2.4,
discuss impact of recycling on physical properioes2.5 and to support the dissertation
methodology a discussion about Raman, on 2.6, @mindduction to Chemometrics and its

tools, on 2.7.

2.1 MOLECULAR ARCHITECTURE AND DEGRADATION REACTIONS

Figure 2 shows the molecular structure of the nsostmon type of polyester on the
market, poly(ethylene terephthalate) or PET. Thidecular architecture explains the stiffness
of the fiber and its thermal transition behavioETPis a semi-crystalline, thermoplastic
polyester of high strength, transparency, and waf§f PET is produced by the
polycondensation reaction of a diacid and a diadtdh years past, the industrial practice was
to use dimethyl terephthalate (DMT) and ethylenegl (EG) as the two monomers for the
production of PET by trans-esterification and polydensation reactions. Nowadays, the
widely used method for PET production is a polyeag8tation reaction between terephthalic
acid (TPA) and EG.Y]



/’O\/\O

Figure 2. Repeating unit of PET.

The trans-esterification reaction is preferred tluéhe greater ease of purification,
although esterification is widely used as well. Tyyg@ical molecular weight used is around 50
kg/mol with the intrinsic viscosity targets of 0.85/g for fiber and 0.80 dL/g for bottle-grade
resin. [] During the PET life cycle, the characteristicstiod polymer material change due to
thermal and environmental influences.

During production, use and recycling, degradatiocuos and may limit the number of
times PET can be recycled. The formation of the@aylic end group via thermal degradation
of PET was determined by Awaja et al, and Fanr Et 4 Their mechanism is displayed in
Figure 3 (b). Starting from the repeat unit, thed gnoups of either hydroxyl from the glycol
or carboxylic acid group from phthalic moieties ni@ypresent in the oligomers of the PET.
The mechanism proposed by Awaja et al, and Faah[®#f] is that the primary step is an ionic
process, &-CH hydrogen transfer leading to the formation bfjamers with olefin and

carboxylic end groups, as shown in Figure 3.



Table 2. Typical PET synthesis steps and impof&ators. f]

Reaction

Esterification

Trans-esterification

Pre-polymerization

Polycondensation

Solid state

polymerization

Reactants & Degree of Temperatures’C)

Polymerization

Terephthalic acid 240 — 260
Glycol

Dimethyl terephthalate 140 - 220
Glycol

Bis(hydroxyethyl) 250 — 280

terephthalate
DP is increased from 30 to 270 - 290
100
Increase degree of 200 — 240

polymerization from 100 to

150

Pressure (kPa)

300 - 500

100

0.05-0.1

100
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Figure 3. Thermal degradation reactions of PEY:[(a) hydrolysis (b) thermal dissociation.

Cyclization can occur in PET in other ways as walich as through intra-molecular
alcoholysis reaction (ionic), which is activated time temperature range of 250-3G0
implying the attack of hydroxyl ends on the innstee groups of the polyester chain by a
hydrolysis reaction or the thermal degradationtieaqsee Figure 4). This process results in

the more thermally processed materials having migbiel values.

11



0O OH

Figure 4. Formation of COOH via thermal degradat[gn
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2.2 RECYCLING TECHNIQUES

Recycling processes are the most economical wagdioce PET waste][The EPA
considers “recycling” to be the processing of wastemake new articles; the literature
normally lists 3 categories of recycling: (a) diree-utilization, or primary recycling (pre-
consumer or industrial scrap); (b) physical andrtte reprocessing, or secondary recycling;

and (c) chemical treatment or de-polymerizatiortediary recycling.

2.2.1 Re-utilization

The EPA does not consider reuse to be a recycliogegs. Therefore, item (a) has to
be subdivided into two categories, mechanical &edwal reprocessing. In the re-utilization
group, the container could be reused as-is, consgléhat the absorption of contaminants is

understood and considered.

2.2.2 Mechanical and Thermal Reprocessing

Secondary recycling, as classified by the EPA daiby involves collection, separation
(or selective collection), washing, grinding, medfiextrusion, and
molding/spinning/pelletization. The basic polymear (blend of desirable polymer and
impurities) is not altered during the processsltacommended that the manufacturer have a
good understanding of the waste streams and hayetavaharacterize them over time in order
to recognize whether alterations occur, and ie$ayhat magnitude and frequency. There is a
method by which a mechanical method can be apfdi&ders, with steps that involve cutting,
blending and opening the material; then feedingtlagerial—which can be in a web form—
into spinning plants to obtain coarser yarns, ediieg them into non-woven plants to obtain

yarns.
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When an extrusion route is selected, the manufactuitl most likely use blends of a
reactive extrusion process (where the extrudesésias a reactor) to manipulate the factors
necessary to achieve a stable product. Those ptremare throughput (flow rate), die
resistance, screw rotation rate, radial conceommatand barrel temperatures. Twin-screw
extruders are most preferred due to the superiamgiperformance that they achieve as
compared with single-screw extruders. When workinghis reactive extrusion process, one
can expect fluctuation in back pressure or diequesto be a serious problem. A study by
Awaja et al. (2005) shows that melting behavioafiected by screw design and operation

conditions. {]

2.2.3 Chemical Reprocessing or De-polymerization

The reduction of polymers into their original morens (total de-polymerization) or
oligomers (partial de-polymerization) is a practicat has been used in the industry since the
beginning of polymer production. The steps involuethis process are collection, separation,
washing, “degeneration” or “degradation” down te thvel desired (oligomer or monomer),
and purification. With the monomer or oligomers agped, the producer then chooses the

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

in

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

The multiple re-processing routes were describeNikles et al. (2005), and is shown
in Figure 5. {]
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Figure 5. De-polymerization routes proposed inliteeature f].
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It is often more economical to only partially delpoerize the recycled PET down to
the oligomer level.’] According to Karayannidis et al. (2007) and Aletral. (2004), the most
common methods for de-polymerization are glycolgsid methanolysist '[9 These chemical
methods are complicated and high-cost, yet thdy yigh-value products®] The researchers
argue that such chemical recycling is the only métacceptable according to the principles
of sustainable development, that is, developmettrtieets the needs of the present generation
without compromising the ability of future geneaais to meet their own needs. The process
is sustainable, because it leads to the formatidheoraw materials (monomers or oligomers)
from which the polymer is made'] [This perspective, while simple and direct, isHiyg

disputed for reasons explained later in this diatien.

2.2.4 Incineration

The combustion of a polymer is another way to recanergy and therefore reduce
the material’'s volume. According to Nikles et a2005), one kg of heating oil has an
approximated net calorific value of 10.2 Mcal, wdees 1 kg of plastics releases 11 Mcal worth
of energy. For comparison, 1 kg of charcoal britesehas a net calorific value of 4.8 Mcé). [
Assuming those numbers are correct, one couldpitate that burning 1 ton of plastic waste
could save approximately 250 liters of heating ®the downside to this technique is the

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

Thermoplastics are continuing to grow within theustry due to the availability of
increasing amounts of clean, uncontaminated plastiap f]. As the name “thermoplastic”
suggests, the main advantage of such a matetfatis can be re-processed through a thermal
process.

In general, recycling centers are working to cdntrany factors or properties, such as
composition and degradation, as well as the presaicimpurities such as adhesives,
pigments, metals, contamination particle sizes drigdpan a critical size, etc. An easily
accepted concept is that any polymer incompatywitl be reflected in poor dispersion of the
components and low interfacial adhesion, which tiegly affect the physical-mechanical
properties. Procedures for creating effective cdmpisdy were suggested by Pracella et al.
(2002), presenting the effects of type and conténieactive compatibilizer, as well as of
mixing procedures, on the interfacial interactiansl phase behavior of the componerf$. [

Three waste stream groups were distinguished a@r fipoduction by Altun et al.
(2004) 19: (a) free-fall polymer at the head of extrudds) partially oriented waste without
spin finishes; and (c) drawn waste from procesg&esninding and texturing.

@@ 4]

=y
=

EREMA&

Figure 6. TVE Plus, from EREMAZ]
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A typical extrusion system for recycling is illusted in Figure 6. This system is
proposed by EREMA, and works with feedingbeing automatic according to process needs
and/or requirements, followed by a cutter compactom which the material is cut, mixed,
heated, dried, densified, and buffered; at thisipshe material is ready for extrusioff] [The
tangentially connected extruder is filled continsigyiand some extruders will have a camera
at this entrance point to show material flowing.th® extruder screw , the material is
plasticized and degassed in reverse. At the etttegdlasticizing zone, the melt is directed out
of the extruder; cleaned in the fully automatidf-skeaning filter ; and returned to the
extruder again. The final homogenization of thetmeltakes place after the melt filter. In the
subsequent degassing zone the filtered and homogenized material is degasBleel melt is
conveyed by a metering zone to the respective toofe.g. pelletizer) at extremely low
pressures. This system does not specify filtrasiae, but filtration levels normally go down
to 20 m in multiple phases. The pelletizing system somesi uses water as a cooling
medium.

The blending of scrap polymers that are withinaiertiefined conditions will provide
an alternate route for marketing recycled compouwnitts satisfactory cost and performance,
as discussed by Pracella et al. (2002), and inggsitcess has been achieved with polymer
separation by MBA polymers (www.mbapolymers.corh. This achievement reinforces the
fact that recycling relies on the development atidzation of cutting-edge technologies and
manufacturing processes for multi-component orcsgke mono-component polymer systems.
Re-pelletizing will result in degradation of thelyoer, adversely affecting its properties.
Blending of the high molecular weight waste witlhgin polymer adversely affects the color
and melt viscosity of the polymer] [This blend approach was also discussed by Lal.et
(2009), where a combination of PET and PE was aedlyielding unusual properties?|[
The authors argued that the blends can be leske thiatn PET and may no longer need to be
dried before processing. The blends are genertffers better-flowing, and faster-cooling

than high-density PE (HDPE); therefore, they temthbld and extrude with faster cycles and
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higher outputs. However, these blends also requoiemsive 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 importamnt¢he recycling process because
it has a dominant effect on melt viscosity, andssmuently upon process performance and
product properties. The molecular weight test useseveral studies’[> 8 % 4 ¥Pwas gel
permeation chromatography (GPC); in these stuthesgiscussions led to the consensus that
molecular weight decreases with increased confaetgcled PET in a blend with virgin chip.

In the industrial environment, the typical testiogdetermine the molecular weight of
PET is performed indirectly by testing its Intrin&fiscosity (IV) using a capillary viscometer.
Of those studies that have evaluated molecularimieomly two tested the Intrinsic Viscosity
[ 14 on the raw material, and the authors of the oshedies chose to accept the certificate of
analysis IV provided by suppliers. In order to det@e material consistency, it is
recommended to combine rheology measurements iliititibn measurements on a number
of samples taken over a period of time. Of thediigre reviewed for this study, all the authors
agreed that viscosity drops due to thermal degi@dat

2.4.2 Carboxyl end-group content

The processing method that was designed by H.Al.fRoh E. |. du Pont de Nemours
& Co. in 1954 is a great indicator of degradatievel or chain length. Several authord¥ 1>
18] used this method to quantify the degradationlle#®ET on recycled material.
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When comparing virgin and re-melted fiber wasteuAlet al. (2004)'f] found almost
a 2-fold increase in COOH end groups on the reedelersus virgin fiber, while Fann et al.
(1996) f] found a three-fold increase from virgin to re@atimaterial. Being a test that requires
less than 10 minutes to perform, one would expesie more papers using the test in their
analyses, but this is not necessarily the case wafing with recycled PET material. The
degradation of the polymer when recycled can be sedifferent ways, such as a decrease in
viscosity, which will support the increase of COQtdups. Another point to verify is the DEG
levels; one should expect to see differences betweein and recycled material, and

degradation is expected to come also from spirstiiaind dyes.

2.4.3 Differential Scanning Calorimeter (DSC)

Thermal analysis using ASTM D3418 provides a cumhere glass transition regions
and melt point regions of the samples can be d@tedrand analyzed. In addition, cooling
curves allow crystallinity to be measured indingcilhis test requires a considerable amount
of time and precision to be able to use the resoite should not depend only on it, but use it
as a reference because it will detect significaolecular structural changes and facilitate the
mapping of the material phase behavif.Multiple runs shall be performed to define the
crystallinity of the polymer componeng:

In general, bottle-grade PET has a melting tempegd{lm) between 255 and 26%.
Oromiehie (2004)3 noted that T decreased with increasing ratio of recycled PEBIémds
with virgin PET. The glass transition temperaturg yaries between 67 and 140 depending
on the crystalline structure present. PET is retzaghfor its slow crystallization rate. During
cooling, on a DSC curve, the maxima are normalljwben 170 and 190C, which is
frequently described as..TResearchers found a higheywith a higher content of recycled
material than for virgin blends.’][ Oromiehie (2004) J cautioned that destructive
measurements like this can be precise, but notraicbecause of sample size limitations; in

contrast to bulk production, in recycling, one skawt expect homogeneity.
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Another important test method is the dynamic caplarystallization, which is a
versatile DSC tool for the study of crystallizatigrot under stress) and can be used to detect
the individual crystalline behavior of the materfal]

The crystallization rate of virgin PET, which depsrgreatly on temperature, reaches
its maximum at a temperature of 150-180 rightly identified f] in a discussion of the
properties of virgin PET. One expects that recy@elymer, due to its impure characteristics
and the additives used in bottle resin, will behaneits own depending on its content, so
transition temperatures or characteristic tempeegatare a good method for characterizing it.
As discussed in Van Krevelen (1990), the transitemperatures can be predicted based on
group contribution increments, if they are knowfi. ith that in mind, and referring back to
possible degradation, we can argue that the retyokgterial must have more variation than
the virgin material simply due to the constant cosifpon change that the material is subjected
to while being blended, produced, filtered, andfeh. No reference to this molecular
architectural approach is found in the literateeen though differences on melt point and
crystallization are mentioned in several studfe&{], which recognized that the change in
crystallization mechanisms are mainly a resulth& tompetition between nucleation and
growth of crystallites in response to the tempegtiontrolling factor at the melt state. The
rates of the competing processes, nucleation ardcoiar mobility (molecular transport),
oppose one another. Studies have shown that diffus the controlling factor at low
temperatures, whereas at higher temperatures thefaucleation dominates. As expected
from the theory, the growth rate passed througlaammum where the two factors are equal in
magnitude; both recycled and virgin material walléw this model. The difference fount]
between virgin and recycled polyester material vagproximately 4%C lower in the
crystallization temperatures, respectively, wherdhe melting temperature, the difference
from recycled to virgin materials was&higher, respectively. Note that the recycled miate
seemed to carry more orderly regions, so more gneag required to melt those regions than
virgin materials. These results indicate that wtenperature is removed from the polyester

material, crystallization during cooling startslesirin the recycled polyester materials, and a
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more crystalline structure in the recycled matesgdbund at the final product when compared

with virgin material.

It is noted that even though the addition of isbpht acid (IPA) is a common practice
in the bottle industry to slow degradation, therbiture reviewed does not mentioned this fact

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

2.4.4 Color Readings

Degradation of a material has a large impact ocalksr, and one way to perceive such
changes is by measuring the color of the chipsepain fibers. Another source of coloration
change is the presence of fragments of coloredeisand printed ink labels. In the later cases,
such contaminations can be reduced by enhancingattimg and washing procesg The
color readings of waste streams or raw materialwa#i as cutting-edge inline color
measurements (normally at the extruder for meltieer, can enhance process control and
allow containment in cases of off-quality eventpe&rophotometers can provide device-
independent CIE L*a*b* color space, where the “L&kis represents the lightness or
brightness of the image, the “a*’ axis runs fromd te green, and the “b*” axis runs from
yellow to blue.

Films require specular gloss tests using ASTM D2d5d haze measured by ASTM
D1003, as well as percentage transmittance of tegtdrded using a spectrophotometer in the
visible 400-700 nm region?][

As a side note, opacity, when observed, can béuitd to different degrees of
crystallinity because turbidity is often an indwatof crystallinity in PET materials. For

example, the clearest samples of PET are the Miniginn-grade resin or flakes]
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2.4.5 Thermal Stability - TGA

Thermogravimetric analyzers, such as DuPont (20£0),be used at a heating rate of
10°C/min under nitrogen atmosphere to provide thegraraeight loss under a wide range of
temperatures. These measurements can providenaaihsability ranking to the raw material
used and eventually specify minimum requirementsafalesirable performance. Another
approach for this method is to verify the stabibifythe material at an isotherm, which will
define maximum residence times allowed for the nmgtefacilitating the prediction of
degradation during the processing—in others wagrdsgicting how long the material will be
stable at that isotherm"7

2.4.6 Fourier Transform Infra-Red (FTIR)

Infrared methods of analysis are extremely popdilg to their non-destructive nature.
The wavelength range in this case is between 4004400 crt. [*Y] The resolution and
number of scans can be adjusted depending ongtranment; normally, thin films are prepared
by compression at 27TC. [*4] This approach, while very good, can be furtheprioved if
correlations and online measurements are obtaiitbdhis technology; however, this was not
the case in the reviewed papers. Research@rsduld monitor the efficiency of the chain
extender (hexamethylenediisocyanate, HDMI) by obsgrthe absence of the characteristic
peak of NCO groups situated at 2270dnecause all NCO groups reacted with the end groups
of PET.
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Table 3. FTIR spectrum of PET, extracted from rfee f].

Wavenumber Representation

(em™)

845 Increase in intensity during crystallisation. frans-Conformation of the ethylene glycol segment

895 Decrease in intensity during crystallisation. gauche-Conformation of the ethylene glycol segment

898 The amount of amorphous content in PET. Wagging of the oxy-ethylene group and their gauche
and trans-confirmation

973 Thermal crystallisation. Wagging of the oxy-ethylene group and their gauche and
trans-confirmation

973 Increase in intensity during crystallisation. rrans-Conformation of the ethylene glycol segment

1040 Decrease in intensity during crystallisation. gauche-Conformation of the ethylene glycol segment

1240-1330 Associated with parallel dichroism

1337 Increase in intensity during crystallisation. rrans-Conformation of the ethylene glycol segment

1340 trans, Extended, crystalline. Wagging of the ethyl unit

1370 gauche, Relaxed, amorphous. Wagging of the ethyl unit. CH, wagging mode of the
gauche-conformer

1410 Normalizing reference

1453 Decrease in intensity during crystallisation. gauche-Conformation of the ethylene glycol segment

1470 Increase in intensity duning crystallisation. trans-Conformation of the ethylene glycol segment

1729 Associated with perpendicular dichroism
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In this field of research, the most difficult pafta spectrum is defining the orientation
and conformation of molecules. Thanks to extensegearch in the area, many of those
properties are defined in the literature; Awajale{2005) f] compiled the current knowledge
of the wavelength and its meaning in terms of $tmat conformation; the list in Table 3 gives
an idea of those conformations, refer to the oaljarticle on page 1470 for the references as

well.

2.4.7 Rheometer

Apparent viscosity can be measured on a singlevsexéruder in the lab or by using a
piston to press material through an orifice; & smple method but not widely used according
to the papers reviewed. The only authors to userttdthod were Pracella et al. (2009, [
who used apparent viscosity to analyze the blendsoaserved that melt viscosity increased
with strong intermolecular interactions of the pdter with epoxy-functionalized polyolefin.
Given this methodology’s intrinsic predictive powplus its ability to rank the raw material

used, it is troubling that researchers have noeyptored this option to the fullest.

2.4.8 Polymer Stream Filtration

Two standards that are very similar in concept,diightly different in dimension, are
the European EN 13900 and the ASTM D3218. The m&md these standards is to enable
researchers to register the pressure behaviopolyaner melt over a period of time against a
defined filter media, normally 20m. The current literature makes no mention of ths,
although a few articles do mention supplier maximuompurity levels in ppm, as stated on the
certificate of analysis (COA), provided by the renaterial suppliers.

In Figure 7, one can observe the following—start pressure (bar)mB— maximum
pressure, (bar); + time when Ps is measuregk-ttime to stop feeding more material (close to

the end of the test); angi-t end of the monitoring of pressure. In generalathappens is that,
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in region 1, the test starts and takes a few sectinsitabilize; then, once it stabilizes, region 2
may or may not have a slight dip prior to the sthgressure; finally, when maximum pressure
is reached in region 5, it is recorded. The ratepmssure increase can be recorded by
calculating the slope of the curve. Because eadtensiream or batch can vary, this method
will characterize each one and show whether theramy variations or problems that need to

be known.
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Figure 7. Typical curve of pressure versus timéréexed from EN 139004)).

Given the importance of nucleation and how it ifluenced by particle size,
distribution, and quantity, as theorized by Vanw&glen (1990), one would expect the subject
to be more widely discussed in the academic liteeaf'?] In industry, the test is used to help
predict pack changes in melt spinning and the faqu of filter changes, as well as to
characterize incoming raw material.

The researcher$? did list filtration as an important method to datdegraded polymer
parts and dust inside the material, as well agho mix the material for better homogenization

of the material.
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25 PHYSICAL PROPERTIES

It is appropriate to start the discussion of phgisjroperties with moisture content
because of its large effect on molecular weighte Toisture content has to be checked or
controlled early in the process because moistunegh spinning provokes hydrolytic scission
of chains, with consequent reduction in moleculaight and intrinsic viscosity. The result
can be a catastrophic reduction in fiber propertiegure 3 and Figure 4), and degradation
reactions. Most of the material’'s water content esnfrom the flake-washing proces¥. [
Misra et al. (2000)7 attributed molecular weight loss to the fact theatycled PET was more
sensitive to thermal and hydrolytic degradationntvargin PET, arguing further that the
probable cause of degradation is the simultanemsepce of retained moisture coming from
the specific surface area of scraps being mucheyrdean that from pellets and contaminants.

It is well understood and noted by now that thestexice of thermal and hydrolytic
degradation in the processing of PET (it existsath virgin and recycled, being more evident
and troublesome in the latter), reduces molecuéght, intrinsic viscosity, and consequently,
the mechanical properties of the PET materials. Whek of Misra et al. (2000)°[, using
blends of virgin with recycled polyester, showediatons in melt and crystallization
temperatures and in crystallinity. Their argumerdswhat thermal cycling releases the
entanglement and increases crystallinity, causiild degradation. Recycled PET is able to
crystallize, and the more oriented segment ismethiWhat is missing in the work on recycling
is the evaluation of 100% recycled material itseltl its unknown material composition. In
order to overcome such a gap, the study by Torres. €2001) 4 suggested chemical
modification through the addition of chain extergléuring processing. This approach has its
appeal because, from an industrial point of vié\ttpes not add any steps to processing: it can
be done directly in the extruder during melt preteg. The work of Awaja et al. (2005 [
noted that di- or poly- functional chain extendeese preferred due to their higher reaction
rates and lack of by-products.

In the case of films, ASTM D882 test method is ueedensile strength and elongation
at break, while ASTM D1922 is used for tear strangtSTM D265 for impact strength, and
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ASTM D77 for burst strength?][ The physical-mechanical tests performed by Meral.
(2000) [] on both machine direction (MD) and transversection (TD) were the tensile
strength, elongation, tear resistance, impact gtherand burst strength; the author selected
two properties to discuss: tensile strength andgaton. Figure 8 illustrates the effect of blend
ratios of recycled PET normalized to the virgin emal for several of these properties. This
way, one can easily make inferences on the gehehalvior of the blends. The experiment did
not provide standard deviations of each value atear characterization of the so-called
recycled material. It is the author’s opinion tdascribing recycled material requires special
care to avoid misleading others because matermaposition varies from region to region or
supplier to supplier.

There is a distinct difference between machinectiva and transverse direction
intrinsic to the process of film dimensions. Theselvation that tensile strength and virgin
content can have a steady direct proportionalitygd @t the same time, the inverse
proportionality between elongation % and virgin tem is clearly seen here. The lower
crystallinity levels in the blends possibly duethe recycled material impurities level being
higher would justify the increase on elongationsidiet al. (2000)] mentioned a reference
that had similar behaviors on tensile strength dodinot cite nor justify the elongation results
behavior.

Other researcheré [' 1] who also discussed the tensile strength of reclohaterials
versus virgin reported a similar elongation incee@st did not recognize the trend, which
would be useful for further studies. The work ohRaet al. (1996)] did report a 10-fold
elongation increase while blending recycled malevitn virgin material; their explanation of
the behavior was that smaller crystallites with radder size distribution contribute to

elasticity; this acknowledgement was consideredifigorovement of the property”.
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Indexed physico-mechanical properties
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Few of the papers reviewed demonstrated concems @ooper characterization and
evaluation of recycled materials over time; insteadst authors appeared to assume that the
so-called “recycled” material is immutable and #fere has defined morphology. Based on
the crystallization kinetics of polymer and latés degradation kinetics, one understands how
critical nuclei sizes and numbers can be in, foanegle, virgin polyester. Therefore, the
assumption that all “recycled” material is the sasmgsky. An attempt to verify the presence
of PVC content in a recycled material was confirrbgdheating half-kilo samples of PET at
18C°C, collecting the darkened particles, and weightivegn. [°] The research of Awaja et al.
(2005) f] does discuss “minimum requirements” for flakes achieve successful PET
recycling, and they argued that the major facttecting the suitability of post-consumer PET
flakes for recycling is the level and nature ofteoninants present in the flakes. This is because
contamination is the major cause of deterioratib®BT physical and chemical properties
during re-processing; thus, minimizing contaminanits result in better recycled material.
Any acid will act as a catalyst for chain scissieaction during recycling of PET; examples
include acetic acid (from PVA), rosin acid and dibiacid (from adhesives), and hydrochloric
acid (from PVC).

When dealing with thicker materials like the oneslged by Fann et al. (1996] |t is
recommended to observe and understand the beladive material’s skin versus its middle
and core. Because skin cools more quickly thamrigelle or the core, causing it to have more
amorphous regions, the heat dissipation of the latidws crystallization in the middle or core
before cooling takes place. These differences easidnificant or not, depending on the size
of the body and the process used. When comparing-s&zed bodies, researchers showed that
the crystallization (or degree of crystallinity)fédrence exists between core and skin of the
material. f] It is striking that even though this behavioeigected, the rate is much higher on
recycled materials of the same polymer; in fads fair to say that working with the recycled
material is almost like dealing with a new polym@n the other hand, when dealing with thin
material like bottle-blowing processes, where a imaxn stretch ratio of about 16/1 is
desirable, one should avoid the formation of lowels of crystallinity that can be formed with

recycled material due to the presence of nucleatarticles (contaminants)][This process
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involves other factors as well because the stiredigeied crystallization initiates after reaching
the lowest critical orientation level, which is thieermal crystallinity content, molecular
weight, and process conditions.

Some researchers have analyzed linear mass vasdtister) with no reference to the
possibility that the impurities could be changinglekctric properties of the polymer, thereby
influencing the measurementg] The discussion section of Uster's paper chariassrthe
results as being comparable to virgin PET. Thigaesh group was the only one to refer to
back pressure rise of recycled versus virgin malteciting an incredible 300-fold increase
when adding just 20% recycled flake to a blend witgin flake. This result strongly suggests
the need to explore filtration techniques and riffuences on the entire manufacturing of
recycled products, yet no further discussions i@rad in the paper. While discussing blends,
Pracella et al. (2002) discussed the existencerapdrtance of controlling particle sizeé][
This approach influenced the interfacial forceragtoetween PET and PE; the author believes
that a similar approach to impurity can determmeihfluence of particle size on impurity.

Another property that can be affected is colopahyester most of the time coloration
change occurs due to degradation. The market niyriaadepts small degrees of variation in
color, which is seen mainly on the b* numbers (plugd not as much on L* and a*; of course,
consistency of color is a must. Problems can oadwen there is no dyeing involved, and a
true white is desirable. In practice, the additdrstabilizing chemicals and optical whiteners
is used to mask coloration changes. The work ofsdpiet al. (2011)] reported b* increases
after blending 20% recycled material with virgihptcoloration change seen by Fann et al.
(1996) f] was a 2-fold increase on b* from virgin to re@aimaterial, and they observed that
changes were detectable. In other words, one slexyect recycled materials to be yellower
(higher b* value) and duller (lower L* value) thamrgin. As mentioned in the previous
paragraph, one should not always expect the sasutgdrom the recycled material if raw
material characterization is limited. The work dfuk et al. (2004) proved this point when 11
samples of recycled material were tested. Eachebtilt was different and nearly 2-times
higher than the virgin material*Y] The researchers made no mention of the utilinatib
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camera systems or spectrometers to avoid miscdonegiie to samples of small areas. To
improve sample representation of the system, staisechniques can be used.

While discussing blends of recycled PET with poifwis, Pracella et al. (2002) used
apparent viscosity to analyze the blends and obdetliat melt viscosity increases with
functionalized polyolefins as compared to non-reacR-PET/R-PE. ] The presence of
stronger inter-molecular interactions of the polgesvith the epoxy-functionalized polyolefin
generates a higher melt viscosity, which is obs®oaeer the entire shear range examined for
the R-PET/E-GMA (ethylene-glycidyl methacrylateg¢idl, with respect to blends with E-AA
(ethylene-acrylic acid) of HDPE-g-MA (methacrylatk) this study, the blend was made under

nitrogen flux to reduce degradation even thoug dldided cost to the process.
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Figure 9. Apparent melt viscosity versus shear oatbinary blends f]

The other important point that this research denmnatexl was the effect of the blend’s
homogeneity on the stress-strain curve. Clearlynteehanical properties improve with better
homogeneity; the manufacturing processes thatw#halthis blending of material needs to
recognize this aspect of the process and contrdhg controlled addition of additives was
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also suggested by Altun et al. (2004), and th&@omemendation was to have a special device
such as a dosage unit mounted at the entrance ektruder. {7

After several investigations on degradation, Gidtanet al. {°] developed an
innovative laboratory-scale apparatus operating asntinuous re-circulating system; they
developed two approaches to the process: (A) cteraation of the materials as received and
after a single passage in the extruder; and (B)irmoously re-processing a given amount of
material in the extrusion apparatus while perioitjjaaxtracting samples for characterization.

In the context of approach, A, the stability waalaated by plotting melt viscosity as
a function of time at constant temperature andrafaé@. Approach A resulted in clear viscosity
reduction over time for recycled product, and miagter reduction than for virgin material.
This finding makes evident the need to pay attentemresidence time while dealing with
recycled materials. By contrast, approach B wasl igseachieve residence time above any
normal residence time in conventional processes.rébult was that the post-consumer PET
(from bottles) reached an IV of 0.45 dL/g in 30%lod time that virgin material took, starting
from the same initial viscosity of 0.8 dL/g. Thiading recalls the previous analysis, where
recycled material deteriorated at least 3 timegefatan virgin material, independent of the
way it was analyzed. Another point that the redesnrxwere able to prove was the importance
of measuring the change of the carboxylic acid gmaps over time in a close-loop extrusion.
In other words, if the number changes, it can laglitg attributed to degradation; the results
showed an increase of meq/kg, 5 times faster orclest material than virgin material. This is
the magnitude that the recycle manufacturers shé&ekp in mind while dealing with

degradation of recycled material versus virgin make

26 RAMAN

Academia and industry alike appreciate non-destreichethods for characterization
because these methods are accessible and releadulethey use available data for online

monitoring or process control. One characterizatomh, Raman spectroscopy, uses lasers and
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polarized scattering to characterize any non-metathaterial. The tool is based on
Chandrasekhara Venkata Raman’s 1928 discoveryetdstic scattering of light, also known
as the Raman Effect?q This is one of two types of scattering that caccuy when
monochromatic light is applied to a material. Thieeo type of scattering, known as Rayleigh
scattering, does not involve energy transfer betwemwlecules and the incident photon.
Instead, the scattered photon has the same eneithg ancident light. By contrast, inelastic,
or Raman scattering?, involves the exchange of energy between incidemton and
molecules where the scattered photon energy dififens the incident photon energy. Raman
scattering is a two-photon event. The interactiérthe polarizibility with the incoming
radiation creates an induced dipole moment in tbkecule, and the radiation emitted by this
induced dipole moment contains the observed Raggttesing. 1] The monochromatic light
used most often in Raman spectroscopy is a lagbramvavelength that varies from 532 to
785 nm.

Figure 10 illustrates how a typical Raman spectteme&orks. A laser beam is fired
through a window and is reflected by the dieleatnicror. A series of filters guides the photons
to the sample. Photons reflected from the sam@aathered by a set of mirrors and focused
through the entrance slit to the grating double oochinomator, which reduces stray light from
“dirty samples.” The photomultiplier tube deteatsitsered light and transforms the light into

an electrical signal?f|
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Figure 10. One example of one type of Raman spmetier schematic?]

Current progress in laser technology and photoreati@ts has made Raman
spectroscopy more accessible to users, enablifigceutests from 5m to 9 mm, depending
upon the device. Table 4 below presents a non-cemepisive summary, with respective
references, of the various properties that can é@sored using Raman spectroscopy.
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Table 4. Properties measured using Raman Specfrysco

Properties measured References
Crystallinity, orientation, birefringence 23[ 24 29]
Concentration on Monomer blends 26 3, 27]
Moisture content il
Polymerization Kinetics il
Morphology &
Identification and Classification 9
Mechanical Properties 3q 31 37
Fiber density H

Commercial industry has also developed unique @svand methods for specific

polymers or properties of interest.

2.6.1 Use of Raman in Polymers

This section discusses polymer crystallizatiorgmtation, and reaction with respect to
the Raman shift spectrum. Spectral analysis isopeed in order to discover what region or
peak has the greatest correlation to the targatrfédeing studied. The literature indicates that
most researchers focus on specific bands whenndigi@g which ones are the most important.
The usual recommendation in the literature is t$oon the most important peaks and put
limits on the other regions. Peaks that do not meway from a “normal” or known region,
are used to define the most common or desired l@ha#vthey go to unusual intensities or a
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new peak surges, the region of interest may be ommped, and the researcher needs to be
aware of this possibility.

The use of the spectroscopy technique for polymeassdiscussed in a classic work by
Everall ¥, who agreed with Stuarty on the common peak assignments of PET. Researcher
have established the typical band assignmentofgstyrene in a compositional measurement
with a terpolymer of methyl methacrylate (MMA), plutcrylate (BuA), and styrene along
with a di-unsaturated cross-linker. In this stuthg author uses the unique peak ratios to show
the mass ratio of the composition, and the sameegircould be used on copolymers such as
cationic PET or polyamides.

As shown in Barnes and colleagu& (see Figure 11), (a) the change in Raman spectra
of ethylene vinyl acetate (EVA) melts with time ohg sequential extrusion from 2 to 43.1
weight % of vinyl acetate (VA), and (b) showed stépe increase in the integrated area of
the band 630 crhwith increasing VA content during real-time exiars processing. This
research group used a Holoprobe™ analyzer from eika@ptical Systems Inc. The
copolymers’ in-line spectra were collected overih with 28 seconds of exposure time over
one accumulation, with a nominal resolution of 5'crihe 630 ¢t band in this polymer
describes the GC=0 deformation. After the spectra were collectbd, Partial Least Square
(PLS) regression was used to model the spectram@pand they were later correlated to the
chemistry changes or PET. To define the degreeolyiner conversion, the same research
group observed the 1660 and 1568'a@nge to study changes over cure time, thus neimigp
the non-invasiveness of Raman spectroscopy. Tlsisareh demonstrates Raman to be a
sensitive method for composition determination, tireg allows for quantitative analysis of
data using Chemometrics methods such as PLS models.

The Raman spectroscopy approach allows one taaibfatch-to-batch records, which
can be used to develop a batch process controimeclieat considers such spectral change
relationships. Researches can then analyze theaestaking place over an extended period
of time, during the reactions themselves, such thasual batches can be readily identified.
In the example giverf§], only one band was considered, but considerieggtitire spectrum

can provide a more robust discrimination for batohtrol in real-time.
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Several researchers have utilized the Raman speopy techniquet 2> 244 to look

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

stream. Stuart (1996), for example, cited the ieadf intensity and amide in two specific
bands (1636 and 1280 cinfor polyamides. ¥
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Figure 11. (a) Change in the Raman spectra of E\Rswvith time during sequential
extrusion from 2.0 to 43.1 wt% VA, (b) step-wiseli@ase in the integrated area of the band

at 630cm' with increasing VA content during processifg.[

To further illustrate the technique with some ex@sgound in the literature review,

four polymers that have relevance in the markeayaare polyethylene terephthalate (PET),

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

Few sources in the available literature readilpefate on the application of the Raman
technique to PET. The author believes this is m lpacause the industry is not prone to share
knowledge in a systematic way using the scienjifiznals.

Raman spectroscopy can be used to capture thdemtcinal conformation state in
polymers, in this case poly(ethylene terephthaldtbg summary provided by Painter et al.
[+]] synthesizes the various work on normal coordimaieulations for PET, describing the
valence forces, the potential energy distributiand the calculated frequencies. Most
polyester-related studies that are published reffmteffects of Raman scattering on its
molecular orientation.

Many researchergd 3" 38 44 have used Raman to measure density, birefringence
orientation parameters, phase behavior, and stgenkapoly(ethylene terephthalate), citing
its historical developments and providing solicerehces as support. The studies that clearly
listed bands identified in their studies enabletousummarize those bands in Table 5.

In 1972, the theoretical Raman band assignmerdrfentation was identified as 1616
cmit, and this band assignment has been utilized extEnsn other polyester molecular
orientation studies?} ** °}. Several studies have reported that the Ramamtation band
varies as a function of spinning speed, while tB8 8m! Raman band is correlated with
polyester crystallization levels. For orientatiomalses, it is necessary to make polarized
measurements, while the draw ratios and annealengnajor factors changing peak intensities.
Another important point in the discussion of PETs Haeen the observation that PET
crystallizes slowly except when oriented, leadingchain segments being oriented by the
elongation of the polymer melt. These chain segmentstallize many orders of magnitude
faster than the un-oriented chain segments, raguiti highly oriented crystals; in this

crystalline region, the ethylene glycol will beal-trans conformation.
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Band cmt
30-129
626-631
701-702
795

857

993

996

998-1000

1030

1092-1096

1119
1295
1310
1418

1462

1614-1616

1725-1730

Table 5. Relevant PET band§1

Assigned group from literature or relevant bamfd i

Bands in this region change with annealirtiy@® polymer

Ring mode 6b, benzene ring, good for tlediption of density

Ring mode, good internal standard bantdtin density and birefringence
Can be used as internal standard

Mainly ring CC and C(O)-O stretching

Symmetric stretching of the O-GHond and the stretching of the C-C bond in thglette
glycol units in all-trans configuration (non-crytitze region)

Good for the prediction of both density an&fringence as a ratio of band 702tm
Symmetric stretching of the O-GHond and the stretching of the C-C bond in thglette
glycol units in all-trans configuration (crystaimegion), pure Lorentzian band, that is
vibration originates from a single environment.

Gauche configuration of the ethylene glycat ahPET, also called amorphous band.
Combined vibration of benzene ring CC stretchin@,<retching in the ethylene glycol
unit, and ester C(O)-O stretching, ring mode.

C(0)-0 stretching and ethylene glycol CC shieig
C(0O)-0O stretching

Ring CH in plane bending

CCH bending and OCH bending

CH bending and OCH bending
Symmetric stretching of the;€C4 — carbons of the benzene ring, good for the ptiediof

birefringence as a ratio with the 702-€lmand, is believed to provide the average
molecular orientation of the polymer chains. Mo@deo8 benzene ring.
Carbonyl —stretching mode, C=0, good for the ptéaticof density as a ratio with the 702

cnt! band, peak range should be correlated to density.

All research on the subject thus far has been basegixtracting information using

Raman to achieve both the second- and fourth-okdgendre polynomials. The work
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described above illustrates the importance of mistishing between the effects of chain
conformation (intramolecular) and those of chaiokag (intermolecular).

The polymer publications from Horiba (www.horibax@ohave shown the crystallinity
bands to be at 1730 chnin agreement with Lesko et af?][ but in disagreement with Young
and Everall > 39, who chose 1610 to 1616 cminterestingly, Everallf] agreed with Lesko
et al that a 1730 chC=0 stretching band correlates with increasing B&Tsity, as a function
of crystallinity. For the Raman band 1730 %rthe stretching of C=0 correlates to polyester
density, but oriented samples will behave diffdsetitan isotropic ones. The Raman band
1094 cmt correlation with density were found independeffibllyboth isotropic and oriented
samples. In other words, one model is not enouglesaribe all samples. It is advisable that
the avid reader refer to the relevant referent&$’[*}, which describe the entire relation of
intensities to orientation parameters. The disauss based on the classical relation between

optical anisotropy or birefringence and moleculaemation:

Equation 1

where is the observed optical anisotropy, is the intrinsic birefringence, and
is the mean second-order Legendre polynomial@btientation distribution function or
Herman function. ( means no average molecular orientation, and means full
alignment of the molecular units in the parallekdtion.

The work of Stokr et al®f] describes the conformational structure of PET janodides
a table with more than 40 wavelengths and the piatesnergy distribution for that band.
Young et al. {9 discuss stress and strain relationships fromojpics of Raman on their
monitoring deformation processes in a high-perforoeaPET study.

In the published research of Everall et al., theselm methodology was the partial least
squares modeling technique, used for calibratioRarhan spectra in terms of density and for
the creation of the model; the Raman bands sel¢otéescribe density were 1730, 1094, 994,
and 860 crit. [> The present work is one of the few that utiliZésemometrics pattern

recognition and calibration for analysis of Rampadira data. A univariate approach, where
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a single independent peak correlates directly tighproperty of interest, is often inadequate
due to band overlapping and/or complex correlateationships. When using the described
techniques, no sample preparation is necessaocpnducting this work using Chemometrics
software, the author noticed that for PET, the speregion of 600 to 1800 chrcontained all
the major peaks of interest, as indicated on Talabove.

Using clustering techniques, Everall et &f] Ehowed that single-link clustering can
discriminate samples based on previous principatipmment analysis, and this qualitative
analysis shows reasonable grouping by type andtgefble chosen analytical technique was
a Hierarchical Cluster Analysis (HCA), and the abktepresentation was done using a graph

called a Dendogram.
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Figure 12. Conventional Raman Spectra of PET. wenfluence of a 2h annealing at
150 C of a virgin chip on the spectrum (a) virgin chipd (b) annealed from?.
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Figure 13 shows an example of the “hierarchicabtelu” To generate this result,
Raman data samples were separated into two maupsgyohe upper half (PET 44 to 52)
containing isotropic samples. The next subdiviganthis upper part were the PET samples
from 43 to 52 with densities below 1.37 g/émvhile from PET 44 to 49, the densities were
in excess of 1.38 g/cf The illustrations display the power of the metblody as used in

1994 and demonstrate its strength as a prelimiclasgification method even today.
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Figure 13. Dendogram of PET samples; example eetidcom Everall et al >f].
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By applying partial least squares (PLS) for thesityrmodeling, Everall et al. found

that the first factor essentially distinguishes gign whereas the second factor differentiates

43



samples primarily on the basis of orientation. Te factors accounted for 47% and 22% of
the variance in the model, respectively. From theding analysis, the bands that predicted
density were found to be 1094, 997, and 86¢,awhereas the ones that predicted orientation
were 630 and 860 ch Everall et al. also noted that PLS (differentr®CA) allowed the

modeling of both samples, isotropic and orienteith #ihe same model.
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Figure 14. Density study from Everall et &F][ The relationship between carbonyl
stretching bandwith (~1730 chand density of PET samples: (a) isotropic chips @) and
(b) oriented films ().
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Figure 15. Density study from Everall et &F][ The band intensity ratio of 1094/1117 €ém
(typical normalization used in spectroscopy) igelated with density; again, (a) isotropic
chips and (*) and (b) oriented films); Note a clear influence of molecular orientatamn
the correlation curve.

In another work published by Swierenga et 4l. ising PLS, it was found that PET
yarn shrinkage could be predicted using the regaosnd 630, 857, 1278, and 1615tm
This is probably because shrinkage of PET yarrmr d&féat treatment is proportional to the
amount of amorphous material (non-crystalline reg)oand the orientation of the polymer

chains in those amorphous regions.
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Figure 16. Density study from Everall et &F][ A cross-validated prediction plot for PLS
calibration using a full PET sample set and fotdescand Square Error of Prediction (SEP)
0.0024 g/cri¥, using same legend: (a) isotropic chips and (t) @) oriented films (). Note
that both samples are included in the same madebntrast to the other two models.

For forensic purposes, Keen et &f] claimed to differentiate PET from 4 different
suppliers, using laser excitation of 790 nm to cediluorescence. High-quality spectra could
be obtained, and they required no sample preparalioe researchers used the multivariate
statistics technique of PCA to distinguish the Higlifferences between suppliers. The
significant differences occurred between 350 ar@Didm!. Further in the study, the authors
also discussed being able to pick up dyes in tinelda

This chapter have showed that very important pteggerof the polymer can be
analyzed using Raman spectroscopy even though ofidse work done so far is limited,
mostly in solid state, there are new possibiliied the next few chapters we will show that in
the melt, properties of the polymer can be measurethis chapter it has being shown that
Raman spectroscopy can be used to identify keyaptieg of polymer provided that the system
can handle fluorescence, the use of ChemometriamynPLS) to model is also discussed,
these works were only done in solid state to oltaportant process information combining
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Chemometrics and Raman. The remainder of this rtiggg®n will discuss our efforts to find a
system that can capture spectra in-line on malgttthis data and use this data to model
important extrusion information such as melt terapge and melt pressure, to model this
prediction Chemometrics tools will be used.

For all the benefits of Raman, certain difficultieee associated with its use. PET
samples measured using conventional Raman spempypsnd using visible light excitation
can have fluorescence because of impurities oradiagjon in industrial grade polymers; this
can limit the usage of Raman spectroscopy unléfeset laser excitation levels can be used.
In an effort to overcome fluorescence, for examfleus should be aimed at the polymer
surface and not on the glass holding the sampldevA spectral measurements and a
measurement system analysis can help Raman usgtetmine the best point and fix on that
point during the entire exercise. Another way taklabout this is to remember that Raman is
a scattering of light, so if the measurement isertadough a window, the window needs to be

made of a material that does not interfere withrntifesasurement.

2.7 CHEMOMETRICS IN RAMAN

2.7.1 Multivariate Statistics or Chemometrics — Introduction

As Shaver (2001) pointed out in Chemometrics in RanPd, “The term
[Chemometrics] is often used specially to indicdte use of multivariate mathematical
techniques and/or statistics to derive chemicalrmftion from data.” Shaver (2001) also
noted a more general definition of the term: “thegess of deriving chemical information
from data” (pg). This general definition encompaste various steps of analysis, including
reprocessing (i.e., signal processing) technigses on data to make an analysis more stable
and/or accurate; interrogation of simple band rogffwidth, position, area, etc.); least squares
analyses for calibration curves and kinetic studiasd] classically multivariate approaches

for classification, investigation, and qualificat®” (pg)
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The science of Chemometrics deals with large ansoohthighly correlated data, and its
methods and techniques are useful for spectrosamoghyanalytical chemistry. Of the variety of
analysis techniques available in Chemometrics,pitesent work makes use of: principal
components analysis, discriminant analysis, datxpretation, partial least squares analysis
and orthogonal partial least squares. All thesbkrigies are discussed later in this chapter.

Multivariate data reduction techniques, such ase¢hased in Chemometrics, give a
simplified overview of trends in datasets. The data then be classified by grouping similar
spectra into clusters, or its variations can bewlesd by orthogonal vectors called principal
components. The advantage of describing a specdtramultivariate space by its coordinates
of principal components, also called scores, ig trdy a few principal components are
normally required to summarize most of the varmatiathin a sample set of several thousand
data points.¥] Often chemical and physical significance can tiached to the results over
and above simple classifications.

Having too much data is always a challenge, denmgnaiethods for the extraction of
information from large tables of data. To manageléinge quantity of data in this dissertation,
there is, for every discussion that involves a sittaa matrix with the data to be analyzed. In
the case of a spectrum, each one is consideredsamation, and the various wavelengths are
measured as variables; a table is provided fod#iaset. The multivariate statistics tools, or
Chemometrics tools, are used to apply linear alyebthat specific data matrix where a search
for pattern recognition begins. In the case ofgrat being recognized and groupings or classes
being formed, a class provides information abolattiens among the observations within the
class or between classe¥: {1

In this study, the application of multivariate te@nabled the tackling of three basic
problems:

a. Characterization of the spectrum acquired, sudteatification of patterns
and behaviors common to the dataset or groupsh@any are formed);

b. Classification and/or discrimination among groupd epectrum
observations; for example, differentiation of virgind recycled polyester

in two classes;
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c. Regression modeling between two blocks of datddetors or predictors;
and Y, responses); this thesis explored the reislip of the spectra block
(the factors) and melt temperature and pressuik iftbe response).

When looking for a simple overview of the spectrbahavior of multiple readings,
such overview can be obtained with principal congraranalysis (PCA)>f °§ The principal
component analysis was used to transform the tehaeiables of spectra acquired into a
smaller set of uncorrelated variables. The methats wnade possible by significant
contributions of Karl Pearson in 1901 and HarolddHmg in 1933. Since then, computers
have allowed these methods to be applied to evgedgroblems, and they have recently
enabled further development in the field. The téphes used in this thesis are the author’'s
personal preference in the field, there was noattempt to be comprehensive and discuss
other methods, such as multidimensional scalingsamgllar value decomposition.

The projection methods used in this study are dseitrin terms of the geometry of
multidimensional spaces, with the multivariate data models represented as points, lines,
planes, and hyperplanes in these spaces. In axmath 3 variables, a point can be spanned
by each row of the matrix. This principle of remeg8ng matrices’ rows as points makes it
possible to convert a data table into a grapheatesentation of the matrix, the point swarm.
Based on the analysis of the data, a quantitateseription of the shape is proposed in a
mathematical model that approximates the data ifseleigure 17). The window that is
represented is oriented such that it provides al gn@rview of the data and enables their
interpretation; this process to convert a dateetatib a plot is called projection. The example
here is tri-dimensional for the sake of simpliciyt the dataset can be many more orders of
dimensionality, with the same approach extendedhemaatically to any number of
dimensions.P] The variables are typically pre-processed todades! to unit variance, usually
dividing variable columns by their standard dewiati®"]

The plane upon which the points can be projectégu(e 17) can be lifted out and
placed on a computer screen as a scatter plobooe gtot. This exercise will scale down the
problem from its original n-dimensional size to tdimensions. Normally, the two principal

components that best explain the model are us#eamordinates, and its variances extracted
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from the dataset are stated on the graphic. Anaivamon piece of information in this score
plot is the ellipse for the Hotelling?Tshowing what is considered a normal variationtter
dataset or an outlier. Another plot that is alsedus the loading plot, which displays the
relationships among the variables and the levebatelation among them.

projection onto plane
7 \ plane

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

The loadings are the weights combining the origuzalables to form the scores, and

geometrically they represent the direction of thene in that space. In the loadings plot, the
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non-influential variables are at the origin of filet (0,0), while variables that are important to
the model are on the periphery of the loading platriables’ locations in the graph explain
whether the variables are closely correlated (ehast nearby) or inversely correlated (situated
on opposite sides of the graph).

If, as described in previous paragraphs, real icglghips can be represented
mathematically, models of them can be created. \Mmeimterval needs to be investigated (a
local model), this is typically a semi-empirical deb using latent variables. The models
described in this dissertation are for narrowlyimkd regions of interest. The theoretical
foundation for the modeling of measured variablesieans of latent variables (LV) is based
on two principles:

a. The measurements are sums of the underlying lat@n@bles. In
spectroscopy, the spectrum of a sample is a sumheofspectra of the
constituents multiplied by their concentrations time sample, being
concentration t and the spectra p. Here we gdathat variable model X =
tipt’ + top2’ + ... = TP’ + noise (Beer-Lambert law). Thus, this
interpretation that the data can be explained byiraber of components
makes sense.

b. We assume the data X (and Y in PLS) to be genelatedfunction F(u,v),
Taylor expansions. The variable u describes thengdabetween
observations (rows in X), and the vector variabldegcribes the change
variables (columns in X), if a Taylor expansionnmde of F in the u-
direction. After discretizing i = observation and kariable, a LV model is
achieved. Note that the smaller the interval dfeteen observations) that
is modeled, the fewer terms we need in the Taypasasion and the fewer
components we need in the LV model; one can int¢fCA and partial
least square (PLS) as models related to similarity.

Two interpretations of the LV model are common: i@&ta can be seen as either a
linear combination of components (factors) or, raltively, as measurements on a set of

similar observations.
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2.7.2 Principal Components Analysis

The classification for cluster identification udyalses eigenvector methods such as
principal component analysis (PCA) on the matrat tias the wavenumbers as variables being
studied. PCA decomposes the dataset into eigemgeetod eigenvalues (linear algebra
combination map that represents the underlyingetation structure and can regenerate the
original data). Those eigenvectors, or common setfactors,” become the mathematical
representations of the spectral data. As manyesigliactors will be calculated as is necessary
to extract the maximum amount of variance in thia.dBhe coefficients required for the linear
combination of the factors in order to reproduceaaticular spectrum are known as its
“scores”; these scores allow spectra to be easitypared by the examination of PCA scores,
a reduced dataset rather than the original sped@a#d. The drawback of basing the
mathematics on spectra variance (that includesransl instrumental errors) is that there is
no guarantee that the changes that are noticecpmaiiide useful information regarding the
polymer system of interest. Thus, careful experitaton is required and special attention is
necessary when changes in the process occur; restrapfeatures may not be found to be
present on the calibration.

The starting point for PCS is a dataset X (N xwWhere:

X — dataset matrix
N — observations (in rows), which will depend omtimany spectra are being
collected for the analysis
K — variables (in columns); in spectroscopy the hamof variables will be
related to the range of wavelength being measured
With the available dataset, all the variables havbe transformed to equal importance. For
that, a data pre-processing is automatically agde SIMCA P software; the two steps are
typically scaling of data and mean-centering ofitagables.
Scaling — Variables have different numerical rangesl because PCA is a maximum

variance projection method, it will follow a variabwith a large variance, giving it
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more importance in the model than a variable vatih Variance; the data normalization
will provide equal importance for both variablescémmon scaling technique is the
unit variance (UV) scaling, where for each variglel@umn) its standard deviatior)(s
and its inverse (/s as scaling weight are calculated; subsequerdish eolumn of X

is multiplied by the weight (/s resulting in each variable being equal to a unit
variance. This technique is also called auto-sgalin

Mean-centering — The second part of the standakegure for pre-processing, namely
mean-centering, is the calculation of the averadeevof each variable to improve the
interpretability of the model.

measured 4
values |
& —
nlengthn ‘ |
p— p—
— unit variance mean-
- _> - » 0
scaling - centering

Figure 18. From the left, the figure shows the @Hef unit variance scaling and mean
centering. The vertical axis represents the “lehgthihe variables and their numerical
values. Each bar corresponds to one variable,t@ndhort horizontal line inside each bar
represents the mean value. As the scaling is apphe variables are transformed from
different variances to same variance (length), reimg with different mean values. The last
step after mean-centering all variables is thag treve equal “length” and mean value zero.

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

be constructed for N=20 and K=3. Each row will bpresented by a point to form a swarm of
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points in this space. When the scaling describegi@ls applied, a coordinate system is created
wherein the mean, the “center of mass” of the swafrpoints, is the origin. The first principal
component (PC1) is a line in X-space that best@pprates the data in the least squares sense.
The PC1 explains the greatest possible amountr@tian. This line goes through the average
point. The direction of the line is determined hg toading vector p(elements @), and the
position of each point, i, on the line is The second PC is a line in an X-space orthogmnal
the line of the first component. The principal cament line also goes through the average
point, the origin, and improves the approximatiérth@ data points, accounting for the next

greatest amount of variatio][

Projection of
observation i

Figure 19. Principal components in a three-dimaraigpace. The yellow points are the
swarm of data, and the blue point is the projeptdt i with t1.score and 2 weight. The
swarm of points shows the most variance in the &i@&Ltion, followed by the smaller
variation in the PC2 directior

Summarizing the PCA, the t's are a smaller numbaew variables (latent variables)
that best explain the original ones. They are ddoieimportance,it t, ..., t». The value of

each of these latent variables for each observiagicalled a score; scores are the locations
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along the lines where the observed points are giege The p’s are loadings that define the
orientation of the lines.
Scores: t
ti = weighted average of Xs in tH&row
tin = Xi1p11 + Xi2P12 + ... + XkPik
tin = x"p1 = i score value for component 1
Loadings: p
pik = least square regression coefficientor &
Pik= (t" xk) / (7 t1)
Loading i = importance of variable k iff'icomponent.
PCA model of X:
X=tipr" +bp2’ + ... +kpn' + E
X=TP +E
= TP'is an approximation of X

E = fitting error and residual matrix

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

On all these plots, points lying close togetheth@ same space are very similar, and
points far apart are more different. Typically, armality limit is provided so that the
interpretation of dissimilarities is more easilyfided. Computationally, PCA is usually
handled by computing eigenvectors ofXX(the covariance matrix), XX (the association
matrix), Single Value Decomposition (SVD) algoritbpor the Nonlinear lterative Partial
Least Squares (NIPALS). SIMCA +P software uses NIB#ethod. {% 3 The estimation of
the loading and scores is as follows: Loadingsa@ the eigenvectors of théXmatrix, and
eigenvalues (j) are variances of$ where: 1> 2> .

The Hotelling (also called Hotelling?Igraph demonstrates how far the score is from
the origin in that dataset; it is a statistical suany for all scores taken together. When A scores
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values are combined, the? Tepresentation will be —! —1"1 2 where$ =
#

variance 0f% in the PC model. The Hotelling? Values are distributed according to an F-
distribution. Typically, a limit line is shown ohe plot by an F-value at 95%, and therefofe T
expresses how far an observation is from the cemehe model plane. Note that for a two-

dimensional score plot, showing compone¥tsind %, for example, the ZTvalue would be
given by — ! —, which is the equation of an ellipse. Remembetiraj observations

far outside of the limits are outliers, we expduttfor a 95% confidence interval, 5% of all
points will lie outside the ellipse.

The residuals, as stored in matrix E, also canselized by the distance to the Model
X (DModX) graph. Distance to model is an estimdt@aw far from the model plane, in the
X or Y space, the observation is positioned. Thstagice to the model can be displayed in
absolute and normalized units. By default, theasiseé to the model plot is displayed in
normalized units after the last component, with lingt for significance level at 0.05.
Typically, the DModX is the number of standard @wans off the model plane; some authors
like to express it in squared prediction error (RPE

Another measure of residual size is thie(Reasure of how well the model describes

the variables) and {measure of the predictive power of the modelpidaily, ' ()

*++’_./

++4‘_/ .y 2 ( ) % 567++

2 where SS = sum of squares, &d ()* 2 Given that

*++/010 *++/010 *++/010

is a fraction of Sum of Squares (SS) of the entiarix X explained by the current
component,’ (um) iSs the Cumulative SS of the entire X explained dily extracted
components. Note that increases with the number of components. In the cAmatrix Y
being analyzed, the same concept applies to thimtxm@? is the fraction of the total variation
of X (PC) and Y (PLS/OPLS) that can be predictedhgycurrent component.

When test data is not easily available, the conoéptoss-validation is used to avoid

over-fitting in PCA. P4 Cross-validation (CV) is a practical and reliabiay to test the
significance of a PCA or PLS model. The basic idda keep a portion of the data out of the

model development, develop a number of parallelet®oftom the reduced data, predict the
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omitted data by the different models, and finaltynpare the predicted values with the actual
ones. The squared differences between predictedlzsetved values are summed to form the
predictive residual sum of squares (PRESS), wia@hmeasure of the predictive power of the
tested model. In SIMCA-P, CV is conducted for eaghsecutive model dimension. For each
additional dimension (from A = 0), CV gives a PRES&ich is compared with the residual
sum of squares (RSS) of the previous dimension.AARRESS is not significantly smaller
than RSS, the tested dimension is considered itfisignt, and the model-building is stopped.
Nevertheless, the performance of a PCA model inGGAMP is evaluated by simultaneously
considering the explained variatiorR(goodness of fit) and the predicted variatiofXQ

(goodness of prediction).

2.7.4 Partial Least Square (PLS) and Discriminant Analyss (PLS-DA)

Considered the second main multivariate analytmall, partial least squares (PLS) is
also referred to as “projections to latent struesusy means of partial least squares.” PLS is a
regression extension of PCA, used to connect floenration in two data matrices of variables,
X and Y, to each other by a linear multivariate mlo®LS provides many model parameters
and other residuals-based diagnostic tools, whieluseful for understanding and interpreting
the acquired regression modéP] Extensive literature is available discussing PI°% 579

Because PLS is a regression technique, it invalveslocks of information, typically
factors or predictors in a matrix X with N obsergas and K variables, like the PCA, and
responses in a matrix Y with N observations andadvlables. The three application areas are
guantitative structure-activity relationships (QSARIo0deling, multivariate calibration,
process monitoring and optimization. The same poegssing data discussed for PCA applies
for PLS; in both analytical methods, the data isteeed and scaled to unit variance before
analysis.

PLS being a regression technique, it can be exgdaiar only one response. In this

case, Matrix X has N observations and K varialdaes, Matrix Y has same N observations and
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M=1. For this dissertation, we will discuss onlg ttase where Matrix Y has N observations

and M=3 responses.

X
3‘ factors/predictors responses Y3A
K=3 M=3

2

o

2 feoX X

c

b

o IN N

o

»x, >y,
x1 Y1

Figure 20. A regression situation with Matrix X WwiK=3 and Matrix Y with M=3. The length
of each coordinate axis has been standardizeddlipgdo unit variance ]

For an example where 21 observations are seleet@th, observation is one point in
the X space and another point in the Y space.ignetkample, the mean-centered data and the

origins of the two coordinate systems coincide wita average points of the data swarms

formed.
X34 AT )
°, Oo
@)
(@)
Q
» O o) o) >
x2 y2
) @)
ok °
Y1 o)

Same observation
Figure 21. The mean-centering procedure impliesthieeorigins of the two coordinate systems

will coincide with the average point (red dot) iacé cloud of points. Each observation is
represented by one point in the X space and anpthiet in the Y space®j|
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Along the imaginary ellipsoid formed in the figutbe first PLS component can be
calculated such that it (a) well approximates tbmfgswarms in X and Y, and (b) provides a
good correlation between the positions of pointsm@lthese lines in X and Y. The two lines
intersect with the average points. By projecting tibservations onto them, one obtains the

scorestand u for X and Y respectively.

xs4 Comp 1 (t;)

Figure 22. The first component of a PLS model mayriterpreted as two dotted lines, one
inserted in the X space and the other in the Y espBlee orientation of these lines is regulated
by the requirements that (a) the lines well apprate the shapes of the two point-swarms,
and (b) the scores and u, be maximally correlated. The observations pregcnto the two
lines give the projection coordinates (scoregjar X) and u (for Y). [*9]

The scores can be plotted in scatter plots so ttigt relationships can be easily
analyzed. The two score vectors are connecteddhrthe inner relationiw t + h, where h
is a residual and (i) represents each observation.

The second PLS component will also form orthoggralithe first one in the X space
and not necessarily orthogonally to the first anthe Y space. These lines are positioned such
that the correlation between the planes X and Y meximized. Geometrically, a two-
component PLS model can be interpreted as planéand Y spaces. By projecting the
observations onto the planes, the PLS scarasd £ in X, and 4 and @ in Y are obtained.
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Figure 23. The two components of a PLS model aglvited lines represents the model planes
inserted in the X and Y spaces. Each observatinrbegorojected onto these planes to define
the PLS score vectors. The PLS scoieand ¢ in X, and 4 and u in Y, with that the first
model dimensionatand u, and the second model dimensierarid u, are now defined ]

The scores vectors of the second component carkdas well than the first pair of
latent variables. This is because the first PLS mament captures the strongest source of
variation in the data, the strongest signal. Afiter removal of the variation accounted for by
the first component, weaker variations remain endhta, and therefore the correlation between
X and Y (in terms ofstand u) is usually weaker and less distinct.

To interpret the meaning of a PLS model, one shoaotgider the variable-related PLS
model parameter of weight. The weights for X ansaYiables, which are denoted w* and ¢
respectively, may be plotted together in the saloie phey are interpreted in the same way as
the PCA loadings, and they show which variabledrdmute to the PLS model and which are
not modeled at all. This interpretation means thatPLS weights reflect the relationships
among all variables at the same time, and theywhlch are associated and which and
contribute unique information.

With PLS, the information obtained about what Xegw, and/or how to set X to get
a desired Y, implies that in process modeling igimibe possible not only to understand the
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mechanism of the process, but also to extract @best how to modify the regulation pattern
of the process to get enhanced product qualitycastisavings.>p: 61 6769 7

When more than two components are included in afb8el, the two-dimensional
planes are replaced by hyper-planes of three, Gyunore dimensions. Such hyper-planes are
no different conceptually from the unidimensioriaek or planes; therefore, the principle of
projecting observations onto these hyper-planeseaxing off the new coordinate values, the

scores, are preserved.

The parameter known as Variable Influence on Ptigjecand also Variable
Importance to Projection (VIP) facilitates the mpietation of the overall model. The VIP
parameter summarizes the importance of the X-vimsafoth for the X and Y models, which
were developed by Wold et al. and published in 1§83 VIP is a weighted sum of squares
of the PLS weights, w*, taking into account the amioof explained Y variance in each
dimension. The attraction of VIP lies in its ingia uniqueness; for a given model and problem,
there will always be only one VIP vector, summanggzall components and Y variables.

The software SIMCAP is used to compute the infleeincY of every variable ¢y in
the model, called VIP. The sum over all model disiens of the contributions VIN (variable
influence) is VIP. For a given PLS dimensian(VIN)a? is equal to the squared PLS weight
(wak)? of that term, multiplied by the explained SS (sofvsquares) of that PLS dimension.
The accumulated (overall PLS dimensions) val$e,. ; 89< ., is then divided by the
total explained SS by the PLS model and multipbigdhe number of terms in the model. The

final VIP is the square root of that number.

: : . = F
The expression 189 = >? & 7@ A BBQ)& )BBC EAmE The SS

of all VIPs is equal to the number of terms in thedel; hence, the average VIP would be
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equal to 1. One can compare the VIP of one terthdmthers. Terms with large VIP (larger

than 1) are the most relevant for explaining Y.

To ascertain which variables from a model makegtkatest contribution to a response,
we used contribution plots. These can be used vemayzing processes; specifically, a
contribution plot can be used to detect a contabtd a process shift, but not necessarily its
cause. Still, the contribution plot is a useful Itgd® " Contribution plots are used to
understand why an observation differs from the igthe X score (t), in DModX, in DModY,
in Hotelling’s T2Range, or in the observed matrixvrsus predicted matrix Y plot. The
contribution plot displays the differences, in schlunits, for all the terms in the model,
between the outlying observation and the normab{@rage) observation, multiplied by the
absolute value of the normalized weight.

The following can be used to calculate contribupbwts in process analysis:

a. Differences in scoredn this case, the contribution plot is used tonidg the
changes in the variables between two observationd)etween one selected
observation and the average process observatidigetameen 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 DModXHere the contribution relates to a residual, whinhturn,
points to the variables. The contributions areuwated as “Contribution (DModX)
= & * weight”, where g, represents variable residuals, and the defaugfhwes the

square root of the explained sum of squares fdn gadable.
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As an overview, classification techniques can elue find classes in the data; these
techniques enable researchers to process informatassify new or unknown samples, define
commonality between and within each class, andéatify the distinguishing characteristics

of a class.

Methods of Classification
Unsupervised: PCA Supervised: PLS-DA

Matrix X Matrix D Matrix X Matrix D

Class 1

Class 2 Not used Class 2

0
0
0
0
1
1
1
1
0
0
0
0

OO0 00000 B R R
P PP POO0O0OCOOOO

Figure 24. Special cases of discrimination: for P@&class membership is acknowledged for
model-building (being available or not), and PLS-D&es class membership information
during model-building, which applies a special cakeesponse Matrix D. The order used in
the illustration is only to facilitate understangliof the concept.
Both supervised and unsupervised classificatiornaus exist:
a. Unsupervised methods, such as PCA, ignore classersimp information during
model-building (even if known); in this case, thexeill be only the

factors/predictors Matrix X being considered.

63



b. Supervised methods, such as PLS-DA, use class mnismpeénformation during
model-building; in this case, there will be consateboth the predictor Matrix X
and the response Matrix D. This response Matris B very special case because
each class will have one variable, and each variaill be O or 1 according to the

class.

2.7.5 OPLS and OPLS-DA

A generic pre-processing method for multivariateagaalled “orthogonal projections
to latent structures” (OPLS), was first proposed’bygg et al. (2002). Other authors have also
discussed the importance of the methdti’] The purpose of OPLS is to remove variation
from Matrix X (variables matrix) that is not coragtd to the Matrix Y (response matrix); in
mathematical terms, this is equivalent to remowystematic variation in X that is orthogonal
to Y. This approach is relevant to the presentyshetause it addresses systematic variation
like light scattering and differences in spectrggcgath length, and it may often constitute
the major part of the variation of the sample s@ecthe modification of the NIPALS PLS
algorithm is described by Trigg et af][

In a PLS model, the data explanation is provideBb$ components and the residuals.
When strong orthogonal variation exists in matrix the interpretability is complex. This
happens because, in regular PLS, the loading weightexpress both the predictive and
orthogonal variations in X. Orthogonal variationdrentails the variation of everything that is
not linearly related to Y.

The OPLS separates the predictive and orthogonahbikties from each other, thus
having three parts: PLS components correlated 815 components uncorrelated to Y, and

the residuals.
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2.7.6 Chemometrics and Raman spectroscopy

Chemometrics is used in this work to approach eanrelength as a variable, utilizing
the relationship between those variables both fahimw a spectrum (wavenumber to
wavenumber) and between each spectrum (same wabenamd different observation). The
purpose is to increase accuracy and precision ikingadeterminations about material’s
properties. In Raman, those variables will havé thelividual arbitrary intensity points from
100 to 3000 cm, with the range of wavelengths depending on tiséesy used. The analyses
can capture and isolate patterns in multiple speb&cause bands from unique polymer
systems will change together with each other addpendently of the bands due to being other
polymer systems. Once the underlying correlationcstire is defined, it can be used to
determine qualitative or quantitative informatiomich in the way that concentration can be
determined from the intensity of an individual bastzberved on single polymer systems. In
case the objective is to model a system, the imarusf other pieces of information from the
machine, raw material, or testing can greatly imprthe model in the study.

When performing spectral analysis, baseline caoeads often used; however, this
work is not going to review all the techniques #aale. In some cases, where the baseline is
somewhat constant, it will be “absorbed,” meanimgdame variance and no information, and
will become information in the model. A wealth addkground treatment can be found in the
literature, including discussions of problems tleah occur when adequate background
removal is not used for determination of peak hisighreas, and bandwidti®$]

When using raw spectrum intensities, a problem ¢hatoccur (and that needs to be
avoided if detected), is the shift in wavenumbédibcation, because the mathematics of the
model expects a specific relationship of intenbiyween adjacent variables (wavenumbers)
and will not usually account for shifts. This verdtion will provide a robust and powerful
model. The model should be recalibrated if used treger period of time, even if only one
instrument is utilized.f]

The work of Shaver et al. also described the usdgmrtial least squares (PLS) in
polymer production due to its high-precision préidic capability. Everall et al®f] discuss
the usage of PLS on a calibration where data frolgephylene spectra is correlated with
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density. It is remarkable that the studies show tihe C-H stretching region provided a low
error model with only two factors. Others studi¢tayene vinyl acetate copolymers, EVAI[
where PCA and PLS were used to identify the contipoosof EVA in the copolymer in a range
from 7 to 44 wt%. The studies demonstrated themieieof Chemometrics analysis for Raman
spectra. In spite of the method’s potential, Raspattroscopy is still not significantly utilized
in combination with multivariate statistics.

Outside of Raman, near-infrared (NIR) spectrosc@phgmometrics has been used to
measure molar mass on polydimethylsiloxanes (PDMSg)uid phase. The study by Shenton
et al. removed outliers and calculated non-linesgebines; principal components regression
(PCR) was used instead of PLS to characterizeaheners studied. The work of Shenton et
al. summarized applications for Chemometrics basRET. $4]

The use of Chemometrics requires great care, asfittueg can cloud the research
analysis. This fact is easily observed in the stofigabriel et al. ¥, where standard error
improved when predicting density by the additiorpohcipal components. The entire model
could have up to 24 principal components, but witly 5 components, the model had already
explained 95% of the variance in the spectra dgtdses, the analysis showed that increasing
the number of principal components to the additiditaprincipal components could only

explain an additional 3.8% of the varianc§] [
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3 EXPERIMENTS

This chapter describes experiments used to assassuy analysis methods for
polymers, including the necessary equipment to destnate the capability of on-line Raman
analysis to differentiate various PET polymers, emgredict the resulting melt viscosity by
the calculated melt pressure and melt temperafltework was performed at Unifi Inc.

(www.unifi.com, Yadkinville, NC). This chapter isvided into three parts: first a description

of the materials used, followed by a descriptiontlod equipment and software for each
experimental procedure, and finally a descriptidnthee experimental setup for the data

acquisition in solids, extrudates, and molten payin-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 TabléB material, which was purchased
by Unifi Inc., was fiber-spinning-grade. All dateopided was from the supplier’s certificate
of analysis. Intrinsic viscosity was measured foiltg ASTM D4603; the amount of de-
lustrant TiQ used ASTM D5630, while CIELAB color readings ASTD2244 was used for
color; the moisture was measured via ASTM D698@ tmally, the number of pellets per
gram was measured from the straight sum of a totaht.

The pellets used in this study were measured &svezt from commercial suppliers;
the certificate of analysis is reproduced in thikofaing table. Note that not all the bags are

listed, only the main samples.
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Table 6. Pellets Certificate of Analysis.
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3.1.2 Materials for Final Experiment

Table 7 lists the three products used in the exagleriment for discrimination analysis
and modeling of melt temperature and melt pressargeneral, the materials’ property range
was the same as those used as commodity produttie polyester synthetic fiber industry.
The virgin semi-dull product with type number IN4®&s supplied by NanYa Corporation in
South Carolina. The other two materials were preduzy the Unifi Incorporation under the
brand Repreve®. The first, RC1000, is a post-corsyfC) material, and RC2001 is a blend
of post-industrial material (Hybrid).

RC1000 is made from 100% recycled post-consumstiplbottles. The plastic bottles
are collected, ground, and washed to produce aritleottle flake. The flake is then extruded,
filtered, and pelletized. The resulting pellet isred and blended before being extruded and
spun into yarn. The average starting intrinsic oty (IV) of the bottle flake is 0.76 (101
Pas). The flakes are partially dried to achieve alftarget IV in the pellet of 0.68 (84 Ba

Generally the products of five to ten qualifiedtltiake suppliers are used in a specific recipe
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and blended before extrusion. This blending ensthiesconsistency of the product and
decreases the variation in pellet properties.

RC2001 is made from 60% post-industrial (Pl) waste 40% recycled post-consumer
plastic bottles. (A majority of the Pl waste usadhis study was Unifi's own spinning and
texturing waste.) The Pl waste and flake is extd)digtered, and pelletized. The resulting
pellet is stored and blended before being extrashetspun into yarn. The average starting 1V
of the Pl waste is 0.62 (69 Ba The partially dried flake and undried fiber etiger yield a
pellet IV of 0.55 to 0.60 (53 to 64 Ba Generally a total of five to ten qualified betlake
suppliers are represented, along with a totalwa fo fifteen Pl waste materials, all of which
are strategically loaded to reduce variation.

Given polyester’s sensitivity to thermal degradatialong with the presence of finish
oils, foreign polymers, and other contaminationhwitthe material, it is very challenging to
achieve with mechanically recycled polyester a caltd performance that is equal to virgin
polyester. This is why it is very important to haweaobust quality plan in place to ensure
consistency and downstream process performancé Tawes a general guideline of desired
center points for some polymer properties.

Table 7. Recycled Materials

0.680 0.330 74.859 0.121 2.504 0.030 34.845 32

_ 0.760 0.039 73.682 -1.045 2.695 0.030 35.900 30
_ 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 vendorsmanlels used, as well the software
they supply, if any. The handheld spectrometer vigienl 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 incogwaw material and process material
is checked based on pre-determined routine samgtiag. In this lab is a Collin mini-extruder
that is used daily for rheology measurements dtrdtfion. A Raman probe was incorporated
in front of the extruder in order to enable in-liR@man spectrum collection. The mini melt
extrusion device is a single screw extruder fronlioThe extruder has a 25mm diameter
screw. The throughput rate was 118g/min, which irequa minimum of 500g of sample
material for each run. The extrudate is collectégd & 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 illagéd in Figure 26. The probe fits

into any extruder that has a pressure or temperatunt in place. On the right side is the actual
Raman probe supplied by Tornado: an Axiom Probedgh&FP-435.
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Figure 26. Dynisco-like probe (left) and Axiom peofright)

The probe was inserted into the extruder throatgfier the heating zones; the left side
of Figure 27 illustrates the cross-section of tkieusler diameter and 3 possible places to install
the probe. Note that all positions end with thebpravindow touching the material inside the
extruder. On the right side of Figure 26, the Axiprabe can be seen installed. This strategic
positioning of the probe avoids polymer degradatioound its face and accumulation of such
material, the adjustment at the face of probe neebe as flush as possible to the wall of the

extruder.

Schnitt B-B / section B-B

Figure 27. Possible probe location (left) and Axiprabe installed (right).

The communication between the probe and the speetsy is made through an optical

fiber fitting, the cable needs protection from beat of the extruder therefore is recommended
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that the connection be away from the extruder toimize heating of the cable. When the
extruder is heated the probe temperature will follbandling the probe requires same safety

guidelines as dealing with any heated and undesspre equipments.

3.2.3 RXN2 (Kaiser)

For the in-line extruder measurements, a Kaiseic®phstrument was chosen. The
system has fiber optics that allow placement ofgtabe in the extruder throat in the same

way as pressure or temperature probes. In this ad3gnisco (www.dynisco.com) type probe

was used.

Figure 28. RXN2 Raman System.
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The system specifications are described in TabM/Ble other systems might also
yield suitable results, the system described bédalve basis for the findings reported herein.

This system configuration allows the running ofdediory-scale measurements when
using the mini-extruder. Measurements can be mauhg unaterials at 100% or in controlled
blends; or materials can be placed in a productiachine that enables online processing of
analytical data. This data collection is very dejst on the computer power and instrument
configuration. The RXN2 allowed measurements eenyinutes for 48 hours but required a
re-start after that.

Table 8. Raman RXN2 Specifications [Kaiser RXN2 Maili

RAMAN RXN2 Specifications
Camera

Chip 1024 x256 EEV MPP type
Pixel size 26 pum 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 /1.8
Focal length 85 mm
Grating (4 channel) HoloPlex transmissive
Spectral coverage (4 channel): 785 nm 100 to 3450
Slit 50 um fixed
Spectral resolution 5 chaverage

Laser

Excitation wavelength 785 nm
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3.2.4 HyperFlux (Tornado)

The spectrometer used in this experiment was a RaigperFlux 785 hardware from
Tornado.

The material analyzed was collected over a periodl days. The material varied in
size from 5009 to 2000g, and the data acquisitias @lone every 2 seconds. The final dataset
had over 7000 observations among the 3 polymers.

Both RXN2 and HyperFlux have extremely robust augpkystems in order to ensure
temperatures in the spectrometer as close as p$sib35°C, this enable more stable and

consistent spectra acquisition.

3.2.5 Methodology and Software Used

Analyses were performed using the Chemometrics gmekfrom Umetrics

(www.umetrics.com) SIMCA-P version 13.0.2.0. No @toenetrics package was available

with the hardware utilized for data acquisitioneTBIMCA-P was used for the heavy-lifting

data analysis and model generation. For the baakgreemoval, the statistical software used
was the R software 3.1.1, specifically the packpgeks for the pre-processing (www.r-

project.org). The pre-processing steps are detailédgppendix 1A.

The software and computer power need to be comedbbthe task, therefore it is
important to provide adequate processing capability time that is relevant to the process
being analyzed, in this case most likely minutesnsdd to be more than adequate. This data
will be stored, pre-processed, and modeled fornenknalysis, enabling reactions to the
process when appropriate, if this doesn’'t happeam tthe system becomes a passive data
collection tool. In addition, for backward analygis necessary to have adequate storage, and
most importantly ability to retrieve this data irtimely manner. A computing power that is

able to easily process more than 3 to 4 days oé@dtauns, keeping in mind that longer reading
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periods will generate larger matrix of data in thder of roughly 50MB/day. Even though a
system like this can be packaged no ready to bstesywas found available today for a full
year stored production data becoming a considei@idéacle to the storage and retrieval of
relevant data.

3.3 PRELIMINARY EXPERIMENTS

To define the materials and methodology, a serigsr@iminary experiments were
performed, in which the author evaluated the pdgygibf analyzing the material in two states:
in chip form (solid) and as an extrudate (moltéitjese two possibilities proved incapable of
providing a reliable system for polymer characiatian.

The first Raman spectroscopy instrument used talisecgspectra on pellets and
extrudate was a handheld unit supplied by Intetaétp:.{/www.intevac.com). The instrument

is denominated Rapid-ID. Due to its small size,itis¢rument is easy to handle and maneuver.
Its low cost compared with other options on theketalso justified the initial choice of this

instrument, to explore its potential. Because tisgrument only collects the data, a computer
IS necessary to store continuous data readinglelnase 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® Reey€lenter (RRC) of Unifi
Incorporation at the Mebane Complex in YadkinviNmrth Carolina. The facility was built to
recycle polyester materials into chips for the dstnaam extrusion process of polyester

multifilament yarns.

3.4.1 In-line Measurements — In-Melt

In order to have measurements at the surface ohtiien polymer, we used a Dynisco

probe (www.dynisco.com) that had a sapphire windmwching the polymer at the extruder,

this window over time needs cleaning due to mdtbtiéd-up on it, this material accumulation
will change spectra intensity and or its qualityridg the trials an interval of approximately
of 8 hours was used for data acquisition and tiobecleaned before each data acquisition
start. Finishes can be added to the window to maarthis issue. The measurements could be
made at the mini-extruder as well as the produatixtruder. All measurements were taken at
the surface. Figure 30 shows a diagram with prdbefacilitate the visualization of the
approach used on this method; probe A or B carsbd tor Raman readings.

The dataset of spectra generated varied with thakslty of the instrument and the
desired detail from the material. In other worti® shorter space between measurements was
based on the instrument capability, and the lospace was based on the amount of data
desired from the material. For our testing, the lleatavailable time between spectra was
selected.

This setup and the one described previously in@e&3 (Preliminary Experiments)
allowed blends to be evaluated; therefore, measemesof each polymeric material could be
run by themselves at 100%, or blends of differatibs could be analyzed. For example, we
ran polyester mixed with PLA, with the polymer bilewl in different known ratios each time.

This procedure provided the actual fingerprintshef mixture. Because a high percentage of
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foreign polymers are not expected in the polyesteycle stream, no blend ratio above 15%
was explored.

The in-melt datasets were collected using the sBy&XN2 and Hyperflux at different
times. In October 2014, data from the Kaiser sysRXiN2 was collected directly from the
melt flow using a Dynisco-like type probe with gphire window at the end. One of the
datasets from October 2 to October 5, 2014, coatbanmatrix of 611 observations with 3326
variables (Kaiser Optics allowed spectra up to m&ashift of 3200 crf).

Figure 30. Extruder throat cross section.
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In another dataset, collected on October 15, 28dodel was created to see the effect
of blends or polymer alloys on the spectrum. Thasadet had 160 observations and 1501
variables (Raman shift from 300 to 1800 Ymresulting in a matrix of 160 x 1501. The
polymer alloys resultant of the blend by weightgeetage of other polymers present in the
recycle stream were the following: poly(butyleneefihthalate) (PBT) at 3 levels (3, 7.5 and
17.6% by weight), poly(lactic acid) (PLA), poly(ladtic 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 terephthalatferred to as polyester, was used
throughout the studies described below. The mddediffered from each other in additives,
the catalysts used in polymerization, coloratiotrimsic viscosity, and other characteristics.

A preliminary data analysis was performed seekimggranination among those
groups, with some exploratory work on alloys. Thesults from these preliminary
measurements done on pellets and on extrudate ppereand therefore deemed inadequate
and will be discussed in sections 4.1 measurentensslids, 4.2 solids and extrudate, and the
measurements performed at the surface of the mplgmer flow at the extruder will be
extensively discussed in sections 4.3 and 4.4.

Each observation in the experiments generated axnweth at least 1800 variables
(wavelengths), and the plot of these observatie@®onohinated the spectrum. The matrices
acquired in this exploratory work were analyzedvéify key points for further material
characterization. The four key questions are:

a. Does the system setup allow continuous data calegbermitting real-time

process corrections?

b. How uniform and reliable is the data of the “knowdlymers?

c. Can different feed materials be discriminated? éDthaterials include blends of
“known” polymers, blends of “unknown” polymers,mixtures with non-desirable
materials such as dust, glues, excess chemicgsaation, etc.

d. What is required to keep the experiment runninddog periods of time, i.e. longer
than 24 hours?

From the exploratory studies, the final tool(s) éwaluation of the recycled material
(unknown polymers blends and mixes) should be &blee selected. This soft sensor would
be used as an analytical tool to complement curpeotess control systems in order to
minimize machine stops caused by foreseeable madssses, improve final chip quality
(increase first quality and product consistency)d @ositively influence the downstream

processes that the recycled chips would go thrgsiginning, molding, texturing, etc.).
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The following sections will discuss each choseraskit and explore the effectiveness

of each experimental setup to verify the benefiilsihg Raman spectroscopy in the recycling
of polyester.

4.1  OFF-LINE MEASUREMENTS USING RNX2 (SOLIDS)

In initial experiments using the RNX2 system, speuatere acquired from solid pellets
to verify that the system could distinguish amohg tifferent polymers involved in this
dataset: PLA, polyamide 6 (nylon 6, PAG), polyprigme (PP), and semi-dull PET. Figure 31
shows that the spectra of the 4 polymers coulddsely distinguished.
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Figure 31. Plot of intensity in arbitrary units s@s Raman Shift in ¢t note the differences
among the 4 polymers; different polymers show dditspectra.
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The raw spectra of the polymers in Figure 31 maasly closely to the ones mentioned
in the spectra handbooks that were used as refefént].

The previous figure showed that it is straightfordvéo compare distinct polymers.
However, Figure 32 shows that the differences andasities among the recycled polyesters.
In the preliminary experiments section, the appnoat measuring directly on solids was
deemed inadequate for the goal of this dissertatimrefore, the following sections will only

discuss the in-melt approaches.

Figure 32. Plot of intensity in arbitrary units s@s Raman Shift in cta Note the similarities
among the 6 different types of polyesters; thereipeak distinction that can be easily made
between them.

82



4.2  IN-LINE USING RAPID ID

4.2.1 Solids

To collect the spectrum from a pellet, an opera@ects one pellet, places it inside a
small container that positions the pellet in frohthe laser, and starts the measurement. This
procedure provides the best focus, eliminates @eitéght contamination, and controls the
region being measured. Still, the method presectiatlenges. In general, the pellets that were
analyzed were extruded in monofilament form, coalederwater, and later cut into small
segments. The consequence of this process waghthahape and fine dimensions of each
granule varied randomly. In addition, material meaments were taken directly off the
pellets’ surface to acquire the spectrum of thedsaxtensive work would be required to
demonstrate the statistical significance of thissueement approach and to demonstrate that
the surface that was being measured was repreisentathe material.

After acquiring the spectrum via the approach dbksdr the readings from using the
RapidID over solid, uneven pellet surfaces didsiaiw enough accuracy and precision. In the
individual spectrum of this particular model, thevas no good definition on the spectrum
itself. The baseline was too noisy, and the maekpeavere not well-defined. Based on the
literature and measurements using other systerasgtbpectra readings must be deemed
inadequate for further analyses. Therefore, udieghandheld RapidID instrument does not
seem to be the best approach. The expectatiorovievé a similar spectrum from all readings,
with minor differences along the Raman shift ratgéng plotted; instead, the peaks and
valleys normally existent in a spectrum were natywiefined. There was the presence of
negative peaks with no physical explanation. Adisth points disqualified the instrument from
use for the main experiments. The lack of spectjuality did not support further exploratory
work on discrimination between the different typépolymer tested.

In critically analyzing the exploratory off-line woon solids, answers were found to

four key questions. First, a question regardingdkperiment: Did the system setup allow
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continuous data collection enough to allow realetipnocess corrections? The answer was no;
it was an off-line measurement. The second questas) how uniform and reliable was the
data of the “known” polymers? The unexpected ansmas that the same polymer was quite
different within the same group. The third questizas, was there any level of discrimination
when different materials were added? The answerneaso reasonable discrimination was
found. A final question about the work on solidswaas there any procedure required to keep
the experiment running for long periods of time®Tdnswer was that the experiment was

cumbersome when done one pellet at a time; thepapbrwas too time-consuming.

4.2.2 Extrudate

After the results in solids were acquired and aredy the next step was to present the
RapidID probe to the extrudate at the exit of tlodli@s mini-extruder. This case would allow
some degree of blending, creating a uniform suréaw allowing for easy collection when
performing the filtration test. In this sample pretation method, the measurement was done
at the surface of molten polymer at the exit ofélk&ruder. This required a free-fall exit and
minimum surface movement to minimize deficienciege do poor or no focus. Another
consideration was to avoid lights too close tol#ser. For the measurement of the extrudate
at a mini-extruder used for rheology and filtrati@sts, the same Rapid-ID instrument was
used at the polymer exit.

This experimental setup had the advantage of bedng versatile because the mini-
extruder required only small quantities of polynterrun, typically on the order of one
kilogram or less of polymeric material. However fRapid-ID system was also simple; it did
not have laser power and fiber optics hardwardléevaneasurements in-line, so it could not
be used to acquire these measurements.

Reading over the extrudate allowed enhanced sapwgeentation to the Raman
instrument compared to solids and the possibitydquire spectrum every 3 minutes, so when
analyzing the dataset collected and seeking digtaition (separation between groups), this
method did start to show potential. The data amaljisualization used the Hoteling €hart
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and scores bi-plot. Ultimately, although it was atlethat there was some degree of
discrimination, there was not enough for quantiatanalysis. Based on these results, the
DeltaNu system was not adequate for in-line readohge to noise readings. Another system
setup needed to be tested.

Following critical analyses of the exploratory @iffe work on solids, the answers to
the key questions about material characterizati@rewas follows. First, regarding the
experiment, did the system setup allow continuomgsugh data collection that real-time
process corrections could be made? The answer eggtydid allow a spectrum collection
every 3 minutes. The second question was, how umifand reliable was the data of the
“known” polymers? The answer was that the basalimise/variation noticed on solids was
much reduced, and the spectrum approached thdepsoijgested in the literature for each
polymer. The third question was about whether theas any level of discrimination when
different materials were added. The answer wastkigae was a minimum discrimination for
gualitative analysis, but not enough discriminafimnquantitative analysis. The final question
was about whether any procedure was required fotkeeexperiment running for long periods
of time. The answer was that the instrument wasdose to hot areas of the extruder;
therefore, the temperature of the instrument wasunder control. This is a concern for the
long term. The data can be stored on a file, viiéhrhaterial exposed to air and moisture at the
same time that is exposed to the laser; becaugegtet will change when exposed, it is still
not clear whether this approach is reliable.

Given the results described above, the researcbeided to use industrial-grade

Raman instruments on a rental basis.

4.3  IN-MELT USING RXN2

The following sections present the results of atagispectra directly from the in-melt
stream, highlighting the distinctions between blhdecycled polyesters and mixed polymer

alloys. The purpose is to assess their distinctimm the Kaiser RXN2 system point of view.
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For this section on the use of the RXN2 systentata pre-processing or baseline correction

was applied.

4.3.1 Recycled Polyesters

The following measurements were done in-melt usiigRXN2 system from Kaiser

on the virgin polyester as a reference, as wetthaswo blend recipes typically used at Unifi.

Figure 33. Hotelling ¥Range Chart showing the 280 observations dat&sétgin and
Recycled PET Polymer, two recycled recipes fromfilJRIC1000, and RC2001. Virgin
polymer (marked with red circles) data points shi@vguperior 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% possaorer polyester

material, mainly plastics bottles.
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c. RC2001 Recipe of recycled polymer that typically has 6@%post-industrial

polyester material and 40% post-consumer poly@steerial.

All these polymers were processed at the Collims-extruder while the tests for melt
viscosity and filtration were performed. The systeith a probe in-melt collected the spectra
simultaneously. In the graph, the red-circled obstons are virgin PET polymer; note its
consistency as compared to the other points.
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Figure 34. Typical in-melt spectrum on virgin molteET. Graph shows arbitrary intensity
values versus Raman Shift in ém

The SIMCA-P software allows points to be highlightend enables more detailed
analysis on it. In this case, the observationscsedeby the red circles in the Figure 33
observations were selected to show their origipacsa in the next figure, Figure 34. This
result shows the system’s capability to acquirdarm spectral data in-melt. It also shows

consistency of the virgin polyester, and shows thate are no relevant peaks from Raman
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shift 1800 to 2800 crhin the polyester spectrum. These results makeomgtcase for
concentrating analysis below 1800tm

The spectra selected from the Hotelling Range chart of the red circled points in
Figure 33, and reflect three different runs of Wir@ET polymer material. The individual
spectra are shown in Figure 34 to display theirsiancy. This system setup demonstrated
the potential for good discrimination; thereforesimple initial screening of Chemometrics

analysis could be performed.

Figure 35. Scores plot of the PC1 (t[1]) versus Ri{Z) scores, of 3 groups of PET, Virgin
and Recycled (RC1000 and RC2001).

As discussed in the Chemometrics review above,esptots typically show the
potential for discrimination when groups are expdcto form due to similarities between
spectra. In this case, when 3 polyester types wlassified based on their principal component
scores, the graph showed some level of discrinindtetween virgin groups (toward the lower
left corner) and recycled polyester (groups towtrd high right corner). This level of
discrimination can be influenced by both the hanmdwand the methodology used to acquire
the spectrum. Nevertheless, the level of discritmnmgound in the score plots, further analysis

can be done using other tools of Chemometrics, aaaontribution plots.
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The PCA model for this matrix X provided a modelwa principal components, where
component 1 explained 97.5% of the data varianak @mponent 2 explained 2.32%.

Therefore, the accumulated R2 of 2 componentsismtiodel example was 99.8%.
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Figure 36. Score Contribution Plot of the polyesgperup (Virgin — RC1000), showing its
differences by Raman Shift region, note the slope@eak height differences.

When analyzing Figure 36, the score contributioot plisplays the differences, in
scaled units, for all the score terms in this mptetween the RC1000 PET and the Virgin
PET group. A few points can be made:

a. The baseline inclination from 200 up to the 850 © @D range suggests a
baseline removal technique might be required,;

b. Peak height differences (higher (413, 635 and 1@02) lower (851 and 1279)
indicates higher stretching intensity on the O-®Hnd in the ethylene glycol units

from the virgin material when compared to the RQL@€cycled material and at

the same time lower C(O)-O stretching, respectivalyerefore molecular
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differences can be detected using the Raman speopg method to register
differences between the two polyester polymers;
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Figure 37. Score Contribution Plot of the polyesgperup (RC1000 — RC2001), showing its
differences by Raman Shift region. Note the slgjbpe and minimum peak height

differences. This graph explains that no signiftadifferences within the spectra of recycled
PET exist when no data pre-processing is applied.

Previously on the score plot, the recycled polyedig not form a unique and highly
concentrated grouping. Figure 37 shows that thene wo significant differences other than

the baseline difference; in other words, the baselias overwhelming any other differences
that existed in the recycled polyester groups.€ithis indicates that any modification in this
scenario will facilitate identification of polymanomalies, or fluorescence is so significant in
this type of recycled polyester that other charayesifferences are not noticed. Thus low level
of discrimination requires the user to pre-prodéssdata in the spectrum dataset in order to
enhance discrimination.

Another discrimination effort can be explored bysiolering the inherent differences

of IPA level among the types of polyester beingyaed; it was expected that there was none
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in the fiber-grade PET, some in the blended padtistrial and post-consumer recipe
(RC2001), and more in the post-consumer only var@RC1000). Looking at the data from
that standpoint, it was initially thought that tls®phthalic acid (IPA) content levels were
detected in the neighborhood of 1002%the work of Bello 1990 characterizing isophthalic
acid using Raman has identified 1010%as it strongest band for the compouf{il [The only
other possible explanation for that area was tlesgrce of aromatic rings and their unique
modes. Looking at the contribution plots for thegion, a small amount of data activity can
be detected.

Therefore, a run plot of the average intensitigg/ben the Raman Shift in the 999 and
1011 cm' region is shown in Figure 38. Note that we have the three polymer types
multiples times to see how stable the data woujghm/iding some level of understanding on
variation levels. The plot displays intensity ifiémary units versus the observations (a little

over 280 observations).

Figure 38. Graph of Intensity in arbitrary unitstieé specific region around the Raman Shift
1000cm* range in 3 groups of PET for all 280 observati@h®wing potential differences of
IPA content level for the groups. Note that thgwirpolyester group is, as expected, always
the lowest level.
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The experimentation process did take place insid@baratory and a considerable
amount of dust was detected overtime, a note dfa@awhen moving the system or testing it
in an industrial environment where the amount aftavill be more. In order to remediate this
a housing is recommended to involve the systemantwre controlled environment, for that
a consideration to have a filter and a cooling devs needed. If this option is limited another
possibility is to take advantage of the opticakfiland leave the equipment inside a laboratory
and extend the cord to the machine.

Based on the discussion so far, from 4.1 to 4.8\esquick conclusions can be drawn

and further discussion for modeling can take plack4:

a. Industrial-grade Raman equipment such as the RXSi211 is adequate to reliably
acquire spectra in-melt;

b. The collect spectra should be pre-processed inrotderemove baseline
(fluorescence);

c. The data collection has to take place on melt &st besults;

4.4  IN-MELT USING HYPERFLUX

4.4.1 Discrimination between Virgin and Recycled Polymers

We began by collecting spectra in the wavelengtgedrom 310 to 2100 ctrdividing
into 950 wavelengths with its associated intersjtige refer to this as single observation, the
collection of all spectra is defined as Matrix Xg also collected 27 variables from the process
from Collin extruder associated to each spectradnltation) and refer to this as the response,
the collection of all responses is Matrix Y. Thdaad®t is a combination of Matrix X and Y,
which consists of 7159 observations and their agtst responses. Chemometrics is applied
to matrices X and Y relating the spectra to theusdr parameters.

Although he literature review strongly suggestesl Wlse of pre-processing, extensive
analysis of this dataset was conducted in an efifofind ways to avoid pre-processing. The
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discrimination results shown in Figure 39, makedaar that discrimination was not possible
without pre-processing. The two components in 8igrincipal-component model explain
99% of the model. The PCA model was constructedgusnly the input matrix (Matrix X) of
the spectra acquired during the data collectioroder

Figure 39. PC1 versus PC2 Scores Plot of 3 polygsteips (Virgin and Recycled
polyesters, RC1000 and RC2001). No discriminatias ghown between them when no pre-
processing of the dataset was applied to the rasv da

In Figure 39 the bi-plot of the scores of the pipat component 1 and 2 is displayed,
the principal components for each day that the tspegere collected form a diagonal line.
Roughly three diagonal lines are seen and eachmsolpccupied an area of the plot, without
much geographical order or alignment in the plbie Daseline variation was so strong that the
first principal component was dominated by it, &hel peak variation became less important
using this approach of principal components analyBICA-X, on Matrix X). This was
definitely not a desirable result because the baxkgl prevented discrimination between the

polymers.
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Another way to verify the power of discrimination the PCA-X bi-plot is to observe
how close or separated the virgin polymer is toatter two groups of recycled polymer. This
observation should indicate how well the modelbke do treat the data because this polymer
has the least amount of variation, degradationfizdd, and contamination of the three groups.
To resolve the issue of non-discrimination, a n@praach used pre-processing in the same
dataset, wherein all spectra first had their bamlgds removed, then had their peaks
normalized. The process is described next.

The mathematical and statistical approach usechenSIMCA software has been
extensively discussed in the literatuté 3> 5% 7> 8284 $9nd in Section 2.8, where examples
showed the power of the technique in multiple elfio demonstrate the impact of pre-treating
the dataset prior to its analysis (that is, to ey pre-processing), 19 observations were
extracted from the original dataset. Observatioasvonly extracted from the virgin polyester
material. Figure 41 shows the results. To thei¢ethe original data, in the center is the data
with background removed, and to the right is theadeith standard normal variate (SNV)
applied. The three pre-processing steps were svil

a. Spectra collectionThis step followed the chosen methodology, in-mpedbe using
a Tornado Hyperflux industrial-grade Raman.

b. Background removallo remove the background (the approach usecetpmcess
the data), the approach was to apply the peakpinljpalgorithm to the original
data. The algorithm enabled the background to fieeteand therefore removed
from the original spectrum (as seen on Figure #). [Bnly the peaks remained (as
seen on Figure 41 center). Due to lack of scaling,heights of the peaks vary
based on their original spectrum.

c. Data normalization— A SNV procedure was applied in order to norawlihe
spectrum. The normalization power is shown on itjiet of Figure 41, where the

19 spectra for the virgin polyester material argyweell defined.
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Figure 40. Three proposed pre-processing stepsoiifi@al spectra of Virgin polyester
(Step I).

Figure 41. Three proposed pre-processing stepssdine spectra with background removed
via pre-processing (Step 2).
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Figure 42. Three proposed pre-processing stepsddiaefollowing normalization via the
application of SNV (Step 3).

After these pre-processing steps were applied @cetftire dataset, a discrimination
analysis was conducted using the model “Partiabt. 8guare — Discriminant Analysis, PLS-
DA” in SIMCA13. This procedure basically createslanmy “Y” variable, Matrix “D” for
each of the three classes, in this case, virgin, IRETL000, and RC2001. The score scatter plot
for this model is shown in Figure 43. This procedigrdiscussed in the section “Discriminant
Analysis — PLS-DA.” on 2.7.4.

In this plot, matrix X is unchanged. The variablee the Raman shift, and each
spectrum is an observation. For the discriminataamoutput Matrix D is created (response or
discrimination matrix), where this D response nxatias “n” columns according to the number
of classes. In this case, there were 3 columnsuisectihere were 3 groups or classes, each
containing a logical zero (= not in class) or onenclass) for each sample (row). As shown,
the discrimination level did improve, but still tee were points that were not well
discriminated. In the graph, SIMCA draws the eldpt confidence interval, using a 0.05

confidence level based on Hotellingsfér the entire dataset.
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The score scatter plot in Figure 43 is a two-dinmre representation of two
components of the model. In this case, componeatsl2 were selected. The fitting R2 value
achieved in the X matrix was 90.3% for componeahd 4.34% for component 2; therefore,
these two components alone explain 94.6% of theeinod

Figure 43. Graph of PC1 and PC2 Scores Plot, fr@@iseriminant Analysis Model after
pre-processing the dataset and applying PLS-DA f&dhCA-P to the 3 polyester groups.
Still no clear separation is seen among the 3 gronglasses.

In an attempt to improve discrimination, anothetadanalysis was performed using
“Orthogonal Partial Least Square — Discriminant kes (OPLS-DA).” Here there was an
additional objective to model and interpret vadiasi in Matrix X (input) that were orthogonal to
Matrix Y (response). This model had two parts,edjmtive one with a cumulative’Rf 13% and
2 components, plus an orthogonal component in Xtthd 5 components with arf Bf 83.2%.
Therefore, all 6 principal components of this modah explain 96.2% of the dataset. To
remember from 2.7.4 & 2.7.5 OPLS-DA “The purposeD$iLS is to remove variation from
Matrix X (variables matrix) that is not correlatém the special case response Matrix D; in

mathematical terms, this is equivalent to remowystematic variation in X that is orthogonal
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to D. This approach is relevant to the presentyshatause it addresses systematic variation
like light scattering and differences in spectrggcgath length, and it may often constitute
the major part of the variation of the sample sett

Figure 44 shows the best grouping or discriminasioriar, based on the baseline pre-
processing and normalization technique. In othend®&/dfor a new observation, the probability
that a given point belongs to one of the three gsatan be evaluated with higher certainty
than with any of the previous models. Thereforengdorward, the OPLS algorithm was used
to model the data. Furthermore, instead of usisig@imination matrix as the response matrix,
the process response of interest, e.g. the mefideature in the extruder or melt pressure in
the capillary of the die has been used. This roletnique makes it possible to further
discriminate other regions of the spectrum and etemiine other differences, such as
identifying other chemical differences among thee¢hpolymer test groups. The following

paragraphs will discuss these points in greateildet

Figure 44. Graph of the PC1 and PC2 Scores Plbei©PLS-DA model. This model
clearly shows discrimination among the 3 groupsiging only two principal components.

In order to verify whether there is a chemical exgition for the separation among

groups in this model, the Variable Importance tojé&ution (VIP) tool was used. In the VIP
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graph, only variables (wavelengths) that had tighdst VIP value were selected to highlight
only those variables that reflected a major infeeeim the model. Plotting the loadings in
Figure 45, it can be seen that the major variabla® concentrated in roughly 4 regions of the
spectrum (1602 cry 1725 cm', 1280 cmt, 1100 cmt). Each one of these regions are

discussed individually below.

Figure 45. Loadings Line Plot versus Raman Shifidsa(in cmt) from the OPLS-DA

model, showing which peaks are responsible fos#dparation found in the scores plot and
the scale of their importance. This graph faciisathe finding of chemical relevance for the
peaks selected as the main factors in differencemg the 3 polyester groups.

The main conclusion to be drawn from Figure 45higttin the OPLS-DA model
constructed, the main Raman shift bands for alldigs are, from the most to least relevant
regions, 1602 crh stretching of the GC4 carbons of the benzene ring, 1725coarbonyl
stretching mode C=0, 1280 &mnC(0)-0 stretching, and 1100 crether and alcohol-ethers.

Although the OPLS-DA analysis showed the main faxc{bands) for all three groups,
the only tool that can show what is driving thefetiénce between two groups is the
contribution plot. In order to visualize the grotgpgroup discrimination, the contribution plot
displays the differences among the groups, whiereapressed as scaled units for all terms in
the model. The differences were calculated betveeengroup of observations and the other,

and then multiplied by the absolute value of themadized weight. The following contribution
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graphs were achieved by comparing one entire dlaigroup to another in order to visualize
what drives the differences in weighted scaledsyr@s shown in Figure 46. The virgin PET
exhibits explicit differences from RC1000 in fiyeofentially six) ranges of Raman shift bands,
thus providing distinctive differences or rangesttinave the greatest variability when

compared to virgin materials.

Figure 46. Scores contribution plot versus Ramadft Bands in crit, showing the important
regions when the difference of scores between WirgRC1000 is calculated. According to
this graph, the top three regions are 1602, 172580 cm' bands. Also clear are the
regions, close to zero, where no differences wauned.

Figure 47 shows the explicit differences betweeini PET and RC2001 in four
(potentially five) ranges of Raman shift, provididigtinctively different ranges that have the

most variability in them (as compared to virgin eréls).
One can take the time to go back to “Figure 36r&Gmntribution Plot of the polyester

group (Virgin — RC1000), showing its differencesRgman Shift region, note the slope and

peak height differences.” showed on 4.3.1 befordistinct differences could be seen and now
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the regions that are different are much bettenéefiand also make chemical sense, this shows
the significant change enabled by both the systetdata treatment.

The following figure will show the other recycle Ipester recipe and its regions of
importance that are different from virgin.

These peaks will be listed in a table so that #ggons can be chemically identified,
this table can be considered a subset of the prsvisted “Table 5. Relevant PET bantfs [

59" where the references were provided.

Figure 47. Scores contribution plot versus Ramadft Bands in crit, showing the important
regions when the difference of scores between WirgRC2001 were calculated. According
to this graph, the top three regions were 16025138d 630 cm bands. Also clear are the
regions, close to zero, where no differences wauned.

Table 9 summarizes the most important bands foarttiis model analysis, listed along

with their chemical relationships according to litkerature.
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Table 9. Summary of relevant Raman Shift ranges.

Band cm? | Chemical information

~629 Benzene Ring
~850 Ring CC and C(0O)-O stretching
O-CH; bond, aromatic moiety, not present in virgin
material.
~1002 RC1000 - significant
RC2001 - present but less significant
~1276 C(0)-0 stretching
~1606 Stretching of the,€C4 — carbons of the benzene ring
~1725 Carbonyl —stretching mode, C=0

All of the significant ranges of Raman shift theg @resent in the recycled stream are
also present in the virgin polyester material; thegnonstrates the robustness of the system in
that it is capable of detecting the differencesveen the recycled material, such as the amount
of additives, heat elements present in the recstcéam, molecular weight differences, etc.—
all of those differences that are most likely expda by the peaks’ height differences.

The Raman band near 1002tis only found in the recycled materials, therefibie
potentially related to degradation, which is widphgsent in the recycled stream, or it could
be related to the presence of IPA, that is oftemdoin bottle resin. The model above suggests
that recycled material variability can be measuaad referenced to known virgin material
using an in-melt Raman probe.

Using the same criteria that were previously usegutige the data collection and
analysis of solids, the following important verditon questions arise with respect to the
method:

a. Regarding the experiment, did the system setupvaflontinuous data
collection for sufficient time to allow real-timeqeess corrections?
Yes, the system collected the spectrum indexedinyestamp, the operator

logged the material “class” while performing thetse and a dataset could
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be prepared that combined the spectrum datasettiwgtmaterials log list
created by the operator. This dataset had to b¢rpeessed before the
model was built.

b. How uniform and reliable was the data of the “kndwolymers?
The best-known polymer was the Virgin polyestere Tinodel was able to
discriminate virgin material exhibiting a definddster. Therefore, the data
was uniform and reliable.

c. Is there any level of discrimination when differematerials are added?
Can different feed materials be discriminated?
In this case, the two different materials in quastivere the recycled
materials recipes RC1000 and RC2001; their diso@tons were very
well-defined in the model.

d. Is there a particular procedure required to keep #xperiment running for
long periods of time (longer than 24 hours)?
No, to develop automated procedure requires furthety. For the daily
data collection, researchers can follow the stegsribed in item “a”. This
file will be up to ~7GB, so for multiple days, thayd must be added for
manual analysis. Therefore, as of today, the sysemat a fully automated

online tool.

4.4.2 Predicting Molten Polymer Temperature and Pressure

So far in this dissertation, procedures have begeldped to define the proper material
state (molten polymer measured in-melt) and Ranmmtrumentation (Hyperflux from
Tornado) to allow discrimination of the materiaksing processed. With this discrimination
now possible, as shown on 4.4.1, a model can betbwllow further characterization of the
material. This model must be able to predict imgarknown properties of the polymer, like
melt viscosity. In order to predict melt viscosity,is necessary to determine the molten

polymer temperature and melt pressure.
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Internal studies at RRC showed a linear relatign&l@tween IV and melt viscosity
(MV) in the range of 0.55 to 0.90 IV and 50 to 12&s, given by IV = 0.0MV + 0.53. This
relationship is useful to determine a general dindefor materials that can be processed in
the described extruder. Outside this range, themahtequires a special extruder design.

The apparent melt viscosity{ Pa*s) of a material can be obtained from the ishea
stress versus shear rate diagram. To calculatapparent viscosity &) at any given shear
rate ( i, st), we use the relationship between shear stredRg) and shear rate;§, Equation
2, in the Collins mini-extruder. In this study, tekear rate is limited to the throughput (18
cm’min) and capillary diameter (0.8 mm). The shesesst (Force / Area) is a function of the
melt pressure measured at the capillary; thusefrhelt pressure can be modeled, the melt

viscosity also can be calculated.

J kL N Equation 2

For the case of the Collin extruder, the melt véstyocan be defined as follows:

VvV avx@ YAXO Q
MR Q ZAIO @ N
NSP U RAZAJON VAL T Q
AXoQ

JOPAPQ Equation 3

Equation 3 shows the relation from pressure and wesdosity. The variable pressure
is given by Q@bcQprovided by the dynisco probe in the smaller ¢apjlorifice, which is
defined by its radiusOddG=0.4mm and lengte@d G8.8mm. The flonBOfd ¢ A dhi P4Qs
also defined in this extruder by O0.6[¢mevolution]*30[rpm]=18cn¥*min™. For the
adjustment of the formula, a constant of the exdrwdas added, K=16.67. The constant flow
of molten polymer through the capillary generatgsessure variation due to material being
extruded, and this pressure variation can be kkatenelt viscosity, which is one of the most
important predictors of material quality in dowrmstm processes. For the purposes of this
dissertation, the relationship can be summarizddlesvs:

JOPAPQV QVXQA j\kk Equation 4
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Because the relationship of melt viscosity and medssure is well-defined in Equation 4, the
discussion will show the melt pressure as readtlodf Collin extruder. However, the
transformation can be done any time, as desired.

In order to demonstrate causality, a subset ofittt@set described in Section 4.3.1 was
used as matrix X, and the corresponding melt teatpex and pressure from Collin mini-
extruder as matrix Y. With this new dataset, a nhages created. The dataset used to develop
the model contained 4290 observations and 943hag4941 variables as Raman shifts {300
to 2100} in matrix X and 2 responses: melt temperwand pressure, as matrix Y).

The general linear regression of the model is gimeBquation 5. In this case, when
“Y” is the melt pressure, “X” includes the termstbe equation, which are the Raman band
multiplied by the coefficientdl ¢ (from the table in Figure 48, = Raman Shift 310.788 cm
Landl g = -8.88214e-005)l (from the table in Figure 4& = Raman Shift 313.124 cin
andl =-0.00132162)f| 4 (from the table in Figure 48,= Raman shift 315.460 ctrand| 9
= 0.00100437, ...). In this model, the last varialslehe 941 Raman shift (Raman shift
2094.440 crh); therefore, “n” goes from 1 to the F4gariable, plus the constant “k” (from
the table in Figure 48, k = 6.17362).

m w1l In Equation 5

Figure 48. Screen image from the linear equati@ifiments of the OPLS model used to
calculate melt pressure. The columns used in thatem to calculate melt pressure are in
the table from the left: Var ID ([Shift cil) and M11.CoeffCS[2](...pressure...{bar}).

Figure 48 shows that in addition to the equatiomsg the coefficient of variation of

each term was also provided.
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Figure 49. Typical table available for every OPL8d®al created. From the left, the
prediction set has the variables’ information, ph@cipal components scores, the variables
normalized (Matrix X), the responses (Matrix Y)dahe calculated values.

To validate the model, a Test Set (TS) was lefiodtine Work Set (WS) that generated
the model, and a Q(cum) was calculated as 0.908. Equation 6 shows @6 (cum) is
computed for the extracted components, where [a = JA] are all the components of the
model, and (PRESS/SS)= the product of PRediction Error Sum of SquaRIRESS)/Sum
of Squares (SS) for each individual comporeenthis cumulative value shows the predictive

power of the model, not just fitting such a& R

qrss

] "o ?2i)p? TEE (Equation 6)

Figure 50 shows the entire model, component by corapt.
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Figure 50. This OPLS model summary window showstlmaber of observations, variables,
and principal components for this model. The imalge shows the fithess {Rand goodness
(Q?) of the entire OPLS model. For the individual pipal components, fitness {Rs also
shown.

In Figure 51 and Figure 52, the predicted resukspdotted against the actual results,
and the Ris displayed. For the melt temperaturé j$0.90, while for the melt pressure iR
0.94. The drawback of the obtained association nrea#?) is that it does not relate to the
measurement unit observed, Y. To interpret theoperdnce of the linear regression model
and obtain a performance measure that relate®tortit observed, Y, the Root Mean Square
Error of Estimation is denoted in the graphs (RM$HHis result is computed as stated in
Equation 5, where Yobs — Ypred refers to the fittediduals for the observations in the

workset.

u mvWPDmwXxy

>
gtsrr —

(Equation 7)

Therefore, the RMSEE for the melt temperature 26 @nd for the melt pressure is 8.31.
From the analysis performed above we were ableddigt the melt temperature and
pressure combined with good precision; this shoygehfor being able to obtain equally
important but less easily measured process parasrat@olymer variation.
Figure 51 and Figure 52 below show the actual wluersus calculated values) of
melt temperature and melt pressure, respectivdlis Gomparison is meant to reinforce the

value of extracting this important polymer’'s rhegtml information directly from the
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molecular form using Raman spectroscopy. In othandg; the online Raman data extracted
directly from the extruder can show dynamic resaftmelt viscosity, and its variations can
be used to classify materials. This approach tcerad$ analysis can enhance the quality
consistency of the final product because, in thetirg method can be applied to any other
extrusion process after a similar calibration pssds performed.

In Figure 51, the actual versus calculated moltetyrper temperature (melt
temperature) was achieved with 8 & 90. The result of the melt temperature is highl

correlated with melt pressure.

Figure 51. Scatter plot of actual versus prediotedt temperature values. The scatter plot
provides the Rand error (RMSEE).

It is very important for any process improvemenparcess understanding, the ability
to define regions that can be considered normedguolt in the best product quality in order to
make it easier to identify when abnormal behaveggens and thus correct it.

In the same way, in Figure 52, the actual versiaitzed values of melt temperature,
based on the spectral information extracted, ave/slwith a R of 93.9%. Note that the results

in the graph vary within regions, clearly showihgtteach polymer has its intrinsic variations,
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and that the variation can come from processinth@fmaterial or contaminants in it. In this
case, the variation in the virgin polymer is makelly due to the level of moisture in it (a

guality of the drying process), and the variatiénthe recycled material is possibly from the
contaminants and/or moisture in each part of thgeefor the RC1000 and RC2001 recycled

polyester recipes.

Figure 52. Scatter plot of actual versus prediotedt pressure values. The scatter plot
provides the Rand error (RMSEE).

At this point we have demonstrated a procedurellec Raman spectrum, treat those
spectra and use it to predict melt temperatureraali pressure, this should create a good
foundation to further studies that can take thianother level of importance. Raman being
connected to in melt on any extrusion can be usaxltect spectra from the melt and those
spectra can be discriminated according to the ratenal being used to capture changes in
the molecular level of the material, changes tleaults on properties changes that can be

desirable or not.
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5 CONCLUSIONS

Recycling is a thriving business whose further dgw@ent will be driven by consumer
choice and the growing environmental awarenes®ohger generations. In this context, the
proper characterization and evaluation of recyohederials over time is imperative.

This dissertation described the development of thoamwlogy to utilize Raman spectra
in conjunction with Chemometrics analysis, with thppropriate system and baseline
normalization. This technique was demonstratedifferdntiate between various recycled
polymer recipes, and between recycled and virgigrper. The results were achieved using
an in-line Raman probe in the melt and Chemomettiasan be incorporated as a real-time
process analytical tool for continuous improvemehboth the process and product while
collecting data on-melt.

The spectra collected with the in-melt approachevisgrfar the most reliable compared
with the readings collected by acquiring spectrarthe extrudate and the solid pellets surface.

The discrimination was realized by including onlyw&velength ranges in the Raman
shift spectrum, and one range, unique for the ledystream, was identified using principal
components analysis.

This discrimination analysis verified the abilityreliably predict the melt temperature
and melt pressure, and therefore the melt viscosfta material. This finding can form the
basis of a new, real-time melt viscosity feedbamhtml system.

As a summary of the lessons learned about the exuip during the various
experiments, the Raman instrument with its ovdralidware was key to the experiment’s
success. Important observations from this progedaded the following:

a. Probe fitting inside the extruderhus far, no accumulation of degraded polymer
on the side of the probe was encountered. It issszny to adjust the face of the
probe as flush to the wall of the extruder as fdssi

b. Sapphire windowOver time, there is buildup on the window that cdrange

spectra intensity and/or quality, so users shoakk possible finishing that will
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minimize or eliminate cleaning cycles. For the wadported here, the probe
window was cleaned once per day.

c. Optical fiber fitting. The connection needs to be far from the extrudeavioid
excess heating, and the probe body needs to betdoagable easier handling in
regards to its body temperature.

d. Laser.The system must have a robust cooling systemdorerthe reliability of the
laser and the readings over longer periods of tigpecally, industrial systems keep
inside temperatures below -35°C.

e. Dust. Our experimentation was conducted inside a lad, wae did detect large
deposits of dust over time; in the industrial eomiment, even more dust is present.
In the recycle center, dust will surely depositioa system over time, so to protect
the system, a “housing” can be built around it. #eo option when using Raman
in the industrial environment is to make the fibptics long enough that the system
can be kept inside the lab.

f. Adequate computing powelt is important to provide adequate processing
capability in a time that is relevant to the pracksing analyzed, e.g. minutes. This
data is stored, pre-processed, and modeled fonemnalysis. In addition, for
backward analysis it is necessary to have adegtatage, and most importantly
retrieving this data. Standard PC will not easilyqess more than 3 to 4 days stored
runs, longer reading periods will generate a seabatrix of data in the order of
roughly 50MB/day. Commercial systems can be botgistore and process this
data, however they are not designed and availaiglaytfor a full year stored
production data, a major obstacle is storage améval of relevant data.

The important outcomes of the work were to demanstthat a system can be set up

in the extruder to extract spectrum data, and thextsa collected can predict important
polymer properties such as melt viscosity withljalow error (RMSEE of 8.31 in the melt

pressure prediction model). This system is a coatlon of three main factors:
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Hardware — we showed that hand-held system isenough for spectra
collection, a full bench top spectrometer with mogooling system, is necessary, this
spectrometer must also have software for dataatale and storage;

Probe and placement of the probe — the spectromatebe collecting data
from the probe that must be placed facing the natiémpts to read on solid state were not
successful, and by facing the melt the probe wilfes from high temperature and pressure,
this requires adequate material to allow long tasage of the probe. The best place to read is
at the extruder throat near the end of the extr(afeclose as possible to see the final material).;

Data pre-processing — the spectra collected aily bwased on the material, but
on this polyester case we saw that there is aflbbokground and noise that can be easily
removed by pre-processing;

Chemometrics — for the analysis Chemometrics 8ad ,un the explored tools
available, the most important modeling tool of tiigtistical method is that OPLS showed the

best results for prediction of melt temperature @it pressure;
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6 FUTURE WORK

This list of potential future projects stemming rfrahis work is a long one. The

dissertation only touched the tip of the icebergao$sibilities, investigating just one system

and methodology for allowing polymer characterizatin-line. Future work could address the

following:

a.

Explore other systems (spectrometer, probes, sof)wancluding different
spectrometers that have better technology or jestreleases.

Probe placement — this work did not evaluate plasgnof the probe in the
extension of the extruder, only near to the enthefextruder.

Improve upon the proposed methodology, for exanylaising a more on-line
approach for faster analysis and feedback.

Extend the exploration of contaminants and otheperties (the dissertation did
focus on melt temperature and pressure, but asonedtin the dissertation, there
are other points of interest, including IPA contg@mtown to be largely used on the
bottle industry), acid content, and other contamis&f interest).

Take the approach from the benchtop extruder amérek it by installing the
probe/system in a big production machine (someminedry work on the recycling
lines have suggested the possibility that reciganghs can be noted, variability can
be easily measured, and machine failures can lectdet before the machine
actually stops).

Chemometrics tools were used and the best modehmended, in the future with
the evolution of the science better methods catested or new approach other

than chemometrics.

With respect to process control, product qualitycpss improvement, and polymer

characterization, some hypotheses can be outhlméd yespective metrics, for testing:

A.

Some polymer material properties can be measurdid®with enough confidence

to minimize or eliminate destructive testing cuthgmn use. (Correlation of off-
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line destructive testing with the spectrum datasétg PLS can be used to test this
hypothesis.)

B. Machine stops due to quality issues can be redidathine efficiency trend.)

C. Product quality can be improved. (Intrinsic vis¢psiend, filtration cost, and color
trend.)

Based on the three hypotheses above, a robustVirarkean be defined for future

work.
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8.1

8 APPENDIX - BACKGROUND REMOVAL

Appendix 1A

The pre-processing steps followed were as follows:

b.
c.
d.

The spectra dataset were exported in a csv file.

R software was loaded.

Load the Peaks package; a description of this geckeeated by Moharé 89 can

be found at _http://cran.r-project.org/web/packageaks/Peaks.pdf (accessed

6/14/15). The algorithm was extensively discussetié work of Morhac et al’q,
and for this specific analysis, the order leveldia@s 8.
Load a script that will execute the background reatian this case, the script file

was aus.R, detailed below:

## open file

Q<-
read.table("C:\\....\\rsubtest.csv",header=TRUEkheames=FALSE,sep
="")

## splitting spectra from rest

Q1<-QI,1:5]

Q<-as.matrix(Q[,5:NCOL(Q)])
## acquiring memory
Q.t<-as.matrix(Q)
Peaks::..First.lib(dirname(find.package("Peaks'Heaks")
### doing SNIP for every spectra
require(Peaks)
for (iin 1:NROW(Q))
{
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Q.1[i,]<-QIi,]-SpectrumBackground(as.numeric(ast@(Ql[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=FAL$E

f. The dataset with the removed background in thise cags the file
“ALL_Pellets_corr.txt”; this now will be used asetlmew spectra dataset.

g. Load the new dataset into SIMCA-P and apply the&ied Normal Variate (SNV)
filter. When applying the SNV filter, each observat(spectra) is normalized by
subtracting the mean and dividing by the standaxdiation; this procedure follows
the work of Barnesf].

h. The dataset is ready for model-building.
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