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Abstract

Accurate identification of polymer materials used in electronic packaging is essential for assem-
bly control, reliability analysis, and counterfeit material detection. However, polymer materials
embedded in electronic assemblies are often difficult to identify because they are present in small
quantities and consist of heterogeneous composites containing polymer matrices and inorganic
fillers. In this study, a measurement framework is developed for identifying polymer materials in
electronic packages using Fourier transform infrared spectroscopy with attenuated total reflectance
(FTIR-ATR) combined with chemometric analysis. Representative packaging polymers includ-

ing four underfill materials, two thermal interface materials, and one die attach (DA) adhesive
were used to build the classification library. Cross-sectioned package samples were analyzed using
micro-ATR FTIR spectroscopy in the fingerprint region (6501800 cm™!), and baseline correction
was applied before multivariate analysis. Principal component analysis was used for dimension-
ality reduction and visualization of spectral clustering, while Soft Independent Modeling of Class
Analogy (SIMCA) was used for supervised class modeling and unknown rejection. Using spectra
collected from independently prepared package samples, SIMCA correctly classified most test spec-
tra from the modeled library and rejected an external DA material (DA2) as unknown. The results
demonstrate that the FTIR-ATR and SIMCA approach provides a rapid and reliable method for
identifying polymer materials in electronic packaging and can support applications such as failure
analysis, reliability modeling, and material verification.

1. Introduction

Polymer materials play an essential role in modern electronic packaging systems by providing mechan-
ical support, environmental protection, and thermal management for semiconductor devices. Common
polymer materials used in electronic packaging include epoxy-based underfills, die attach adhesives (DA),
and thermal interface materials (TIMs), which improve reliability by redistributing thermomechanical
stress and enhancing heat dissipation [1-3].

Underfill materials are widely used in flip-chip packaging to mitigate the coefficient of thermal
expansion (CTE) mismatch between silicon chips and organic substrates [4-7]. By redistributing stress
away from solder joints and coupling the chip—underfill-substrate structure, underfills can substantially
improve fatigue life and long-term package reliability [8—10]. In advanced packaging, underfill selection
is further constrained by competing failure modes (e.g. solder fatigue, die cracking, and delamination),
making the correct identification of underfill families and formulations important when documentation
is incomplete.

Underfills are typically formulated as epoxy resin matrices heavily filled with fused silica (5iO,) and
supplemented with additives (e.g. catalysts, coupling agents, adhesion promoters) to control viscos-
ity, flow, cure kinetics, modulus, moisture uptake, and CTE. Because the composite thermomechanical
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properties depend strongly on filler—matrix design, polymer composite literature also emphasizes that
filler type/volume fraction significantly affects effective modulus and CTE [11, 12].

Polymer adhesives and thermally conductive composites are also widely applied in electronic assem-
blies. In DA applications, epoxy adhesives are used to bond dies to substrates, and conductive formula-
tions (e.g. silver-filled epoxies) are actively engineered for electrical/thermal conduction and reliability
constraints such as silver migration and interfacial stability [13]. For thermal management, TIMs (often
silicone/PDMS-ilicone/PDMS management, TIMs (often sWK’ as silver migration and interfacial stabil-
itnterfacial stabiliter type/volume fraction significantly affects effective modulus and CTe modulus and
CTill families and formulad in electunderfills, DA adhesives, and TIMs strongly influence package reli-
ability and thermal performance, accurate identification of packaging polymers is important for failure
analysis, reliability assessment, and process control [14—17].

In many practical situations, the specific polymer materials used in electronic products are unknown
because of proprietary formulations or incomplete documentation. This lack of information complicates
reliability modeling and finite-element simulations of electronic packages, which require accurate mate-
rial properties as inputs [18, 19].

Identification of cured polymer materials extracted from electronic packages presents several practical
challenges. First, the available sample quantity is typically small and embedded in complex assemblies.
Second, curing forms cross-linked thermoset networks that are insoluble and not melt-processable, lim-
iting the applicability of solution-based or bulk reprocessing methods. Third, packaging polymers are
heterogeneous composites containing inorganic fillers and additives, producing spatial and compositional
non-uniformity at the scales probed by micro-analysis methods.

A range of analytical techniques have therefore been used for polymer characterization, including
nuclear magnetic resonance (NMR), pyrolysis-gas chromatography/mass spectrometry (Py-GC/MS), ther-
mogravimetric analysis (TGA), and infrared spectroscopy. Solid-state NMR has been repeatedly used
to study cure extent, cross-linking structure, and formulation components in epoxy systems, includ-
ing thermosets and commercial multicomponent products [20]. Py-GC/MS is a powerful approach for
identifying polymers/additives and has been explicitly demonstrated for cured epoxy resins and complex
polymer mixtures [21]. TGA is widely used to evaluate thermal stability and (in filled systems) inorganic
residue/filler fraction [22]. While these techniques provide valuable structural and compositional infor-
mation, they can require specialized instrumentation, more extensive preparation, or workflows that are
less convenient for rapid screening of small extracted packaging samples.

Fourier transform infrared spectroscopy (FTIR) provides a rapid and non-destructive method
for identifying organic materials based on molecular vibrational absorption spectra. When combined
with attenuated total reflectance (ATR), FTIR enables direct analysis of solid samples with minimal
preparation. ATR-FTIR operates by generating an evanescent infrared wave at the interface between a
high-refractive-index crystal and the sample surface, allowing surface-sensitive spectral measurements.
The theoretical principles of ATR spectroscopy were first described in early studies of total internal
reflection and infrared absorption. Subsequent research demonstrated that the effective path length of
ATR measurements depends on optical parameters such as refractive index, wavelength, and incident
angle [23, 24].

Because FTIR spectra of complex polymer systems can contain overlapping peaks and baseline vari-
ation (e.g. due to fillers, scattering, and contact variability), chemometric techniques are widely used to
extract robust classification information from spectral datasets. Principal component analysis (PCA) is a
common dimensionality-reduction technique that transforms correlated spectral variables into orthog-
onal principal components capturing the majority of variance in the data [25, 26]. For classification
and screening problems, Soft Independent Modeling of Class Analogy (SIMCA) is a widely used class-
modeling method that builds a PCA model for each class and can accept or reject unknown samples
based on distance/leverage criteria. At the same time, SIMCA performance depends on model design,
training representativeness, and decision limits, and comparative studies note that alternative discrimi-
nant classifiers may outperform SIMCA in some settings, reinforcing the need for transparent validation
and uncertainty-aware deployment [27-29].

Recent FTIR and ATR-FTIR studies have increasingly combined chemometric or machine-
learning analysis with infrared spectra for polymer recognition, spectral-library matching, and material
classification [30—41]. These include ATR-FTIR/PCA-based recognition of polyamide materials [34],
ATR-FTIR with multivariate monitoring of polymer processing [37], automated micro-FTIR spectral
matching for microplastics [38], FTIR imaging protocols for rapid microplastic identification [39],
ATR-FTIR chemometrics for rapid identification of multiple microplastic types [40], and machine-
learning classification of FTIR fingerprint-region spectra [41]. These studies demonstrate the broader
value of infrared spectroscopy combined with multivariate modeling, but most focus on bulk polymers,
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Table 1. Material library used in this study.

Material Manufacturer Material type

UF1 United Adhesives Inc. UF1230 Underfill encapsulant

UF2 United Adhesives Inc. EP1641 Underfill encapsulant

UF3 YINCAE SMT88U Underfill encapsulant

UF4 Shin-Etsu SMC-375TGSF5 Underfill encapsulant
TIM1 Shin-Etsu X-23-7762 Thermal interface material
TIM2 Honeywell PTM7900 Thermal interface material
DA1 Loctite 8700 K Die attach adhesive

DA2 Loctite QMI538NB Die attach adhesive

environmental microplastics, pharmaceutical/chemical products, or process-monitoring datasets rather
than polymer materials measured directly from electronic-package cross-sections. The objective of this
study is therefore to develop a rapid identification method for polymer materials used in electronic
packaging by combining FTIR-ATR spectroscopy with SIMCA chemometric classification.

2. Materials and methods

2.1. Polymer materials and package preparation

Representative polymer materials commonly used in electronic packaging were selected to evaluate the
proposed identification methodology. These materials were chosen to cover the major classes of poly-
mer systems used in semiconductor packaging, including underfill encapsulants (UF), TIMs, and DA
adhesives.

Seven polymer formulations were used to build the classification library as shown in table 1: four
epoxy-based UF (UF1-UF4), two TIMs (TIM1 and TIM2), and one DA adhesive (DA1). A second DA
adhesive, DA2, was not included as a modeled class. Instead, DA2 was reserved as an external unknown
challenge material to evaluate whether the SIMCA models could reject a spectrum that did not belong
to any of the seven modeled classes. The TIMs consisted of one phase-change material and one ther-
mal grease. These material categories represent the most frequently used polymer systems for mechanical
reinforcement, thermal management, and chip attachment in electronic packaging assemblies.

Underfill materials are typically epoxy-based composites formulated with silica fillers and various
additives to control rheological behavior, curing kinetics, and mechanical properties. DA adhesives are
polymer bonding materials used to attach semiconductor dies to substrates or lead frames, while TIMs
are designed to reduce thermal resistance between electronic devices and heat dissipation components
such as heat sinks.

To simulate realistic packaging conditions, test assemblies were fabricated using printed circuit boards
as substrates and silicon blocks to represent semiconductor dies. Underfill materials were dispensed along
the chip edges and allowed to flow beneath the chip through capillary action before curing.

After curing and assembly, cross-sections of the packages shown in figure 1 were prepared to expose
the polymer materials for spectroscopic analysis. Because polymer materials in assembled electronic
packages are typically present in very small quantities and are difficult to isolate from surrounding struc-
tures, the identification method must be capable of analyzing microscopic sample regions directly from
the package. For this reason, FTIR-ATR microscopy was employed for spectral measurement.

The sampling procedure was adjusted according to the dispensing behavior of each material.
Underfill materials were treated separately because capillary flow from the dispense side to the opposite
side can produce spatial variation in resin/filler distribution. Therefore, underfill spectra were collected
from multiple vertical and horizontal positions in the cross-section. DA1 and the TIM samples were pre-
pared as polymer layers in package samples and measured from exposed cross-sectional regions. Because
these layers were dispensed more uniformly than capillary underfill in the package geometry used here,
inlet/outlet sampling was not required for DA1 and TIM1/TIM2. All measurements were performed on
exposed polymer regions in package cross-sections using the same micro-ATR FTIR contact procedure.

2.2. FTIR-ATR measurements

Infrared spectrum of the polymer materials was obtained using FTIR equipped with an ATR microscope
accessory. FTIR spectroscopy measures the absorption of infrared radiation associated with molecular
vibrational modes within a material, producing characteristic spectral fingerprints that can be used for
chemical identification. ATR-FTIR was selected in this study because it enables direct analysis of solid
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Figure 1. Electronic package cross-section and sampling location of the polymer layer for FTIR-ATR measurement. (a) Schematic
of the FTIR-ATR measurement setup; (b) Photograph of the sample during measurement; (c) Sectioned electronic package sam-
ple; (d) Cross-sectional view of the package sample; (e) Enlarged view of the underfill region indicating the sampling location.

polymer samples with minimal sample preparation. In ATR measurements, an infrared beam undergoes
total internal reflection inside a high-refractive-index crystal. At each reflection, an evanescent wave pen-
etrates a short distance into the sample surface and interacts with molecular vibrations within the mate-
rial, resulting in an absorption spectrum characteristic of the sample composition.

Spectral measurements were performed using a microscope-based FTIR spectrometer equipped with
a Germanium ATR crystal. The high refractive index of the Germanium crystal provides a shallow pen-
etration depth of the evanescent wave, which improves spatial resolution and allows localized measure-
ment of small regions within the polymer material extracted from electronic packages. Prior to measure-
ment, the sample surface was gently cleaned with isopropanol and dried using nitrogen gas to remove
contaminants that could interfere with the infrared signal. Each sample was brought into contact with
the ATR crystal under controlled pressure to ensure consistent optical coupling between the crystal and
the sample surface.

Infrared spectra were acquired over a spectral range of 650-4000 cm ™
tion of 4 cm™!

! with a spectral resolu-

, and 100 scans were averaged for each spectrum to improve the signal-to-noise ratio.
Background spectra were collected before each measurement to compensate for atmospheric absorp-
tion and instrument response. Because polymer materials exhibit distinctive vibrational signatures in
the infrared fingerprint region, the spectral range between 650 and 1800 cm™! was selected for subse-
quent chemometric analysis. This region contains numerous absorption bands associated with functional
groups present in epoxy-based polymer systems, including C-O and C-O-C stretching vibrations, aro-
matic ring modes, and Si—-O-Si bands originating from silica fillers.

To account for potential heterogeneity within the polymer materials, multiple spectra were collected
from different regions of each sample. The resulting spectral dataset was used for subsequent chemomet-
ric analysis.

2.3. Underfill spectrum collecting influence factors

Because dispensed underfill materials are heterogeneous mixtures consisting of resin systems and inor-
ganic fillers, several factors may influence the infrared spectra collected from assembled packages.
Understanding these factors is essential for establishing reliable procedures for spectral collection.
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Figure 2. Detection working area chosen for filler settling influence study.

2.3.1. Filler settling

Underfill materials typically contain micron-sized silica fillers dispersed within an epoxy resin matrix.
Although modern formulations are designed to minimize particle sedimentation, filler settling can still
occur during storage or curing processes due to gravitational effects [42].

Since FTIR-ATR is a surface-sensitive technique that probes only a small region of the sample, the
measured spectrum may depend on the local distribution of filler particles. To evaluate this effect, the
detection area of the ATR microscope was adjusted between 50 x 50 um~2 and 175 x 175 um™2,
and spectra were collected from different vertical positions within the underfill cross-section shown in
figure 2.

The total thickness of the cured underfill layer in the test assemblies was approximately 600 pm™".
The cross-section was therefore divided into multiple vertical regions to evaluate spectral variations along
the height direction. The results showed that spectra collected from different horizontal locations were
generally similar, whereas spectra obtained at different heights exhibited noticeable variations due to dif-
ferences in filler concentration.

These observations indicate that filler settling primarily affects the vertical distribution of spectral
features within the underfill material. Consequently, infrared spectra should be collected from multiple
vertical positions to ensure that the measured spectrum represents the overall material composition.

2.3.2. Filler movement during underfill flow

Another factor affecting spectral collection is the movement of filler particles during the underfill dis-
pensing process. In conventional capillary underfill assembly, material is dispensed along one edge of
the chip and flows beneath the chip through capillary action to fill the gap between the chip and the
substrate [43].

During this flow process, filler particles may interact with solder bumps or other package features,
leading to non-uniform filler distribution between the inlet region and the outlet region of the underfill
flow path. Previous studies have reported that filler particles may accumulate near the inlet side due to
interactions with the first row of solder bumps [44].

To investigate this effect, the underfill cross-section was divided into four regions corresponding
to different positions along the flow direction. Spectra were collected from each region and averaged
to obtain representative spectra for the inlet and outlet areas as shown in figures 3 and 4. The results
showed that the spectral characteristics of the inlet region differed slightly from those of the outlet
region, confirming that filler redistribution during capillary flow can influence the local composition of
the underfill material.

2.3.3. Recommended spectrum collection strategy
Based on the observations discussed above, an appropriate spectral collection strategy is necessary to
obtain representative infrared spectra from heterogeneous underfill materials extracted from electronic
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Figure 3. Section positions for filler movement influence study and average spectrum of each section.
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Figure 4. Average spectra of right and left side of one cross section.

packages. Because filler settling and flow-induced particle redistribution can lead to spatial variations in
material composition, spectra must be collected from multiple regions of the sample to ensure that the
measured dataset reflects the overall chemical characteristics of the material.

In this study, the underfill cross-section was divided into several vertical regions to account for
potential variations caused by filler settling. In addition, spectra were collected from multiple horizon-
tal locations corresponding to the inlet side, outlet side, and intermediate regions of the underfill flow
path. Within each region, several spectra were acquired from different measurement locations and subse-
quently averaged to obtain representative spectra for chemometric analysis.

This positional collection rule was specifically applied to underfill because capillary flow and filler
settling can create vertical and horizontal gradients. Spectra collected from the different underfill posi-
tions were included in the training dataset so that the class model captured within-class spatial variation.
For DA and TIM samples, which were dispensed as more uniform layers in the package geometry used
here, spectra were collected from exposed representative regions without inlet/outlet subdivision.

2.4. Spectral preprocessing

Prior to chemometric analysis, spectra were restricted to the fingerprint region from 650 to 1800 cm™!.
Baseline correction was performed on each dataset using The Unscrambler (version 10.4, Camo Process
AS) to remove spectral offsets arising from scattering effects and instrumental response. No normaliza-
tion, smoothing, derivative transformation, interpolation, outlier filtering, or ATR correction was applied.
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The baseline-corrected spectra were mean-centered before PCA and SIMCA modeling. The same prepro-
cessing sequence was applied to training spectra, test spectra, and the external unknown DA2 spectra.

3. Chemometric analysis

Because FTIR spectra consist of absorbance values measured at hundreds of wavenumbers, the resulting
dataset is highly multivariate and contains significant correlations among variables. Direct interpretation
of such high-dimensional spectral data can be difficult, particularly for heterogeneous materials such as
cured underfills containing polymer matrices and inorganic fillers. To extract meaningful information
from the spectra and perform reliable classification, multivariate statistical techniques were employed.
In this work, PCA was first applied to reduce the dimensionality of the FTIR spectral dataset and
to visualize clustering patterns among different polymer materials. Subsequently, SIMCA was used as a
supervised classification method to identify unknown polymer materials.

3.1.PCA
PCA is a widely used multivariate statistical technique for reducing the dimensionality of complex
datasets while retaining the majority of the original information. PCA transforms correlated variables
into a new set of orthogonal variables called principal components.

Let the FTIR spectral dataset be represented by the matrix

X1 X2 o Xip
X1 X2 ot Xpp

X= . . . : (1)
Xn1 X2t Xpp

where 7 is the number of spectra and p is the number of spectral variables corresponding to the mea-
sured wavenumbers.
Prior to PCA, the dataset was mean-centered to remove systematic offsets:

B=X—1x" (2)

where X represents the mean spectrum of the dataset and 1 is a column vector of ones.
The covariance matrix of the spectral dataset is then calculated as

1
n—1

C=

B'B. (3)

The principal components are obtained by solving the eigenvalue problem
Cug = A (4)

where u; represents the eigenvector corresponding to the k-th principal component and A is the associ-
ated eigenvalue.
The PCA score vector is calculated as

ty = Buy. (5)
The spectral dataset can therefore be approximated using the PCA model
X=TP'+E (6)

where T is score matrix, P is loading matrix and E is residual matrix.
The cumulative explained variance for the first m principal components is calculated as

T = 2= 5 100%. 7)

k=1 M

In this study, PCA was applied to the FTIR spectra in the fingerprint region to evaluate clustering
behavior among different polymer materials and to determine the number of principal components used
for subsequent SIMCA modeling.
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3.2. SIMCA classification method
While PCA provides visualization of spectral similarities, it does not directly classify unknown samples.
Therefore, the SIMCA method was used for supervised classification of polymer materials.

In SIMCA, a separate PCA model is constructed for each material class g. For a given class, the spec-
tral matrix is expressed as

Xg = TyP; + E, (8)

where Ty is score matrix of class g, P, is loading matrix of class g and E, is residual matrix.
For an unknown sample spectrum x, the projection onto the PCA model of class g is calculated as

te = xP,. 9)
The reconstructed spectrum is
g = 1P} (10)
The residual vector is then obtained as
g =X — Xg. (11)

The sample-to-model distance S;, which measures how well a sample fits a class model, is

calculated as
o egel
Si=1\/pes (12)

where a, represents the number of principal components retained in the class model.
Another important parameter is the sample leverage H;, which measures how far the projected sam-
ple lies from the center of the PCA model:

—1
Hi= i (T31,) 1, (13)

A sample is classified as belonging to class g if both of the following criteria are satisfied:

Si < Scrit,g (14)

Hi < Hcrit,g (15)

where St ¢ and Her, represent the critical limits determined from the training dataset at a selected
confidence level.

The classification results can be visualized using Si—-Hi plots, where samples falling within both limits
are assigned to the corresponding material class.

In addition, the model-to-model distance between two SIMCA models provides a quantitative mea-
sure of separation between different material classes. Values significantly greater than 1 indicate that the
classes are well separated and that the classification model has strong discrimination capability.

3.3. Chemometric software implementation
All chemometric calculations were performed using The Unscrambler (version 10.4, Camo Process AS).
PCA and SIMCA models were built using baseline-corrected fingerprint-region spectra from 650 to
1800 cm™~!. Three principal components were retained for modeling based on the cumulative explained
variance shown in figure 6. For each modeled class, 30 spectra collected from five independently pre-
pared cured package samples were used for training. Test validation used 15 spectra collected from five
different independently prepared cured package samples. Thus, training and test spectra were sepa-
rated at the physical package-sample level. In addition, 15 spectra from DA2 were used as an external
unknown challenge set. DA2 was not included in model training and was used only to evaluate whether
spectra from a material outside the modeled library would be rejected as unknown.

8
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4, Results and discussion

4.1. Spectral characteristics of polymer materials
Representative FTIR-ATR spectra of the seven polymer materials analyzed in this study are shown in
figure 5. The spectra were collected in the fingerprint region (1800-650 cm™!), where characteris-
tic vibrational modes of polymer functional groups are observed. The characteristic absorption bands
observed in the polymer materials and their corresponding assignments are summarized in table 2.

Several common absorption bands appear across the spectra because most materials are based on
epoxy or silicone polymer systems. A strong absorption band near 1720-1730 cm~! corresponds to
C=O0 stretching vibrations associated with carbonyl groups present in modified epoxy resins or additives.
Peaks near 1600 cm™! arise from aromatic C=C stretching in bisphenol-based epoxy structures. Bands
observed around 1450 cm ™! are attributed to CH, deformation and C-O-H vibrations formed during
epoxy curing reactions. Strong absorption features between 1270 and 1100 cm™! correspond primarily
to C—O-C stretching vibrations of ether linkages in cured epoxy networks. In addition, peaks around
1030-1100 cm ™! may include contributions from Si—O stretching associated with silica filler particles
frequently used in packaging materials. Aromatic C-H out-of-plane bending vibrations are also observed
near 800-750 cm ™!,

Despite these shared features, differences in peak intensity and band shape are observed among the
materials. These variations reflect differences in resin composition, filler content, and curing chemistry,
which provide distinctive spectral fingerprints that can be used for material identification.

4.2. Comparison of underfill, TIM, and DA materials

The four underfill materials exhibit similar spectral features due to their epoxy-based compositions,
although variations in the 1100-1000 cm™! region suggest differences in silica filler content and poly-
mer formulation.

In contrast, the TIMs show dominant peaks associated with Si—O-Si stretching vibrations, indicating
the presence of silicone-based polymer matrices. These spectra are characterized by strong absorption
bands near 1070-1100 cm™! and reduced aromatic bands compared with epoxy materials.

The DA adhesive exhibits spectral features typical of epoxy adhesives, including strong C-O-C
stretching bands near 1250-1100 cm ™! and aromatic ring vibrations near 1600 cm™'. However, the rel-
ative intensities of these peaks differ from those observed in underfill materials, reflecting differences in
resin composition and filler systems.

These spectral differences provide the chemical basis for the multivariate classification analysis pre-
sented in the following sections.

4.3. FTIR spectral dataset and PCA dimensionality reduction

FTIR-ATR spectra collected from polymer materials in electronic packages contain hundreds of corre-
lated spectral variables across the fingerprint region. To reduce dimensionality while retaining the most
significant spectral information, PCA was applied to the dataset. The explained variance plot for the
PCA model is shown below.

As illustrated in figure 6, the first principal component (PC1) explains approximately 57% of the
total spectral variance, while the second principal component (PC2) contributes approximately 25%. The
third principal component (PC3) explains an additional 11%, resulting in a cumulative explained vari-
ance of approximately 93% for the first three components.

Beyond the third principal component, additional components contribute only marginal improve-
ments to the total variance. Therefore, the first three principal components were retained for further
analysis and visualization. These results indicate that the majority of spectral information contained in
the FTIR dataset can be represented in a reduced three-dimensional PCA space.

The PCA score plot using the first two principal components is shown in figure 7. Each point repre-
sents a spectrum obtained from a polymer material in an electronic package. The PCA score plot reveals
clear clustering of different material categories, including UE, TIM, and DA.

The underfill materials UF1-UF4 form distinct clusters primarily distributed along the negative
PC1 direction. TIMs TIM1 and TIM2 appear in the positive PC1 region, indicating strong spectral dif-
ferences relative to the underfill materials. The DA forms a separate cluster, indicating unique spectral
characteristics associated with its chemical composition.

Although some underfill clusters appear relatively close in the PCA score plot due to similarities in
epoxy-based chemistry, they remain separable when higher principal components are considered.

9
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Figure 5. The average absorbance spectra of four underfill species, including (a) UF1, (b) UF2, (c) UF3, (d) UF4, (e) TIM], (f)
TIM2, (g) DA in the fingerprint region (650-1800 cm™—!) and their absorbance peak value.
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Table 2. Characteristic FTIR absorption bands observed in polymer materials.
Wavenumber (cm™!) Assignment Functional group
1730 C=O0 stretching Carbonyl groups
1660 C=0 stretching Conjugated carbonyl
1600 C=C stretching Aromatic ring
1450 CH; deformation C-O-H/methylene
1270 C-O stretching Ether linkage
1100-1030 Si-0/C-0-C Silica filler/epoxy
800-750 C-H bending Aromatic ring
Explained Variance
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Figure 6. Total explained variance for PCA model.
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Figure 7. The PCA scores of the samples of seven polymers obtained from FTIR absorbance mode in the fingerprint region. (PC1
&PC2).

To further evaluate separation between different polymer materials, a three-dimensional PCA
score plot was generated using the first three principal components as shown in figure 8. The three-
dimensional PCA plot provides improved visualization of clustering relationships among the different
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Figure 8. 3D PCA scores of the samples.
Table 3. SIMCA model-to-model distance.
Distance UF1 UF2 UF3 UF4 TIM1 TIM2 DA1
UF1 1 19.0 39.3 115.9 459.4 370.8 185.9
UF2 19.0 1 113.6 66.1 1091.2 422.9 323.8
UF3 39.3 113.6 1 1975.3 3807.8 1619.3 2582.1
UF4 115.9 66.1 1975.3 1 3334.9 428.7 3191.7
TIM1 459.4 1091.2 3807.8 3334.9 1 250.7 5824.8
TIM2 370.8 422.9 1619.3 428.7 250.7 1 431.1
DA1 185.9 323.8 2582.1 3191.7 5824.8 431.1 1

material classes. The separation between underfill, TIM, and DA becomes more apparent when PC3 is
included in the analysis.

The results confirm that FTIR-ATR spectra contain sufficient chemical information to differentiate
between different categories of polymer materials used in electronic packaging.

To quantitatively evaluate the separation between material classes, SIMCA model-to-model distances
were calculated. The resulting distance matrix is shown in table 3. In SIMCA analysis, a model-to-model
distance greater than 3 is generally considered sufficient to indicate clear class separation. In the present
dataset, all class distances significantly exceed this threshold, demonstrating strong separation among the
different polymer materials. The largest distances are observed between TIMs and die attach, reflecting
substantial chemical differences between these material types.

The confusion matrix in table 4 reports two validation outcomes: classification of test spectra from
the seven modeled classes and rejection of the external unknown challenge material DA2. Because
DA2 was not part of the modeled library, it is listed separately as an unknown challenge sample rather
than as an eighth modeled class. This distinction is important because SIMCA is a class-modeling
method: a spectrum may be accepted by a modeled class only when it satisfies the class distance and
leverage limits; otherwise, it is rejected as unknown.

The modeled-class test set contained 105 spectra, of which 103 were correctly classified, giving an
overall modeled-class accuracy of 98.1%. The external unknown challenge set contained 15 DA2 spectra,
all of which were rejected as unknown. These results show that the SIMCA workflow can both classify
spectra from the modeled library and reject a material outside the current library.

The only classification errors occurred between UF1 and UF2. These two materials are both epoxy-
based underfill formulations and share similar absorption features associated with cured epoxy networks
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Table 4. SIMCA discrimination result for test sets and external unknown challenge sample.

SIMCA result
Samples UF1 UF2 UF3 UF4 TIM1 TIM2 DA1 Unknown  Discrimination accuracy
UF1 15 0 1 0 0 0 0 0 93.3%
UF2 1 15 0 0 0 0 0 0 93.3%
UF3 0 0 15 0 0 0 0 0 100%
UF4 0 0 0 15 0 0 0 0 100%
TIM1 0 0 0 0 15 0 0 0 100%
TIM2 0 0 0 0 0 15 0 0 100%
DA1 0 0 0 0 0 15 0 100%
DA2 0 0 0 0 0 0 0 15 100% rejection

and silica-filled composite structures. In particular, the 1270-1000 cm ™! region contains overlapping
contributions from C-O-C stretching in the epoxy network and Si—-O-Si vibrations from silica filler.
Although the SIMCA model-to-model distance between UF1 and UF2 is greater than the commonly
used class-separation threshold, this metric describes the separation between class models rather than the
position of every individual test spectrum. Spectra collected from heterogeneous underfill cross-sections
can vary locally because of filler distribution, surface condition, and ATR contact. Therefore, individ-

ual UF1 or UF2 spectra near the acceptance boundary may be misclassified even when the average class
models are well separated.

SIMCA was selected because the intended application is not only closed-set matching among known
polymers but also rejection of spectra that do not belong to the modeled library. Simpler metrics such
as Euclidean distance or cosine similarity are useful for spectral-library matching, but they normally
assign an unknown spectrum to the nearest known class unless an additional rejection rule is defined.
PLS-DA is also a discriminant method and requires representative examples of the classes expected dur-
ing prediction. In contrast, SIMCA builds an independent PCA model for each material and evaluates
both sample-to-model distance and leverage, which is appropriate when an unknown packaging polymer
should be rejected rather than forced into the closest known class. The rejection of DA2 as an unknown
material illustrates this class-modeling advantage.

The classification boundaries of the SIMCA models were evaluated using Si—Hi plots, which repre-
sent the sample-to-model distance S; and leverage H; of each sample relative to a specific class model. In
SIMCA analysis, a sample is considered to belong to a given class when both parameters fall below their
corresponding critical limits determined from the training dataset at the selected confidence level.

Three representative class models were evaluated, corresponding to DA, TIM, and UFE. The resulting
Si-Hi plots are shown in figures 9-11.

In the DA model, DA1 samples are located within the acceptance region defined by the critical limits,
while samples from other material classes and the DA2 unknown challenge sample are rejected when
they do not satisfy the class limits. This demonstrates that the spectral characteristics of the modeled
DA are distinguishable from those of underfill and TIMs, while the class-modeling structure also allows
spectra outside the modeled library to be treated as unknown.

The TIM model exhibits a well-defined acceptance region in which the TIM samples are clustered
with relatively small residual distances. Samples belonging to other material classes show larger leverage
values relative to the TIM model, reflecting significant differences in chemical composition. The clear
separation observed in the Si—Hi space confirms that the SIMCA model effectively distinguishes TIM
materials from other polymer types used in electronic packaging.

The underfill model also demonstrates strong classification capability. Most UF samples fall within
the acceptance region defined by the model limits, while samples corresponding to other polymer mate-
rials lie outside the classification boundary. Although underfill materials share similar epoxy-based
chemistries, the model successfully captures the spectral variations between different material categories.

5. Conclusions

This study developed a measurement framework for identifying polymer materials used in electronic
packaging by combining micro-ATR FTIR spectroscopy with PCA and SIMCA chemometric analysis.
The method was evaluated using package cross-sections containing four UF, two TIMs, and one DA
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650

adhesive as modeled classes, with a second DA adhesive reserved as an external unknown challenge

sample.

PCA of the FTIR spectral dataset demonstrated that the first three principal components captured
the majority of the spectral variance, with PC1, PC2, and PC3 explaining approximately 57%, 25%, and
11% of the total variance, respectively. The PCA score plots revealed clear clustering among different
polymer material classes, indicating that FTIR-ATR spectra contain sufficient chemical information to

differentiate between packaging materials.

SIMCA classification models were constructed for the seven modeled material classes. Training and
test spectra were collected from different independently prepared cured package samples, which clari-
fied the validation unit and reduced the risk of spectrum-level leakage between training and testing. The
resulting model-to-model distance matrix showed separation between classes, while the confusion matrix
showed that most modeled-class spectra were correctly classified and all DA2 spectra were rejected as

unknown.
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Classification performance was evaluated using a confusion matrix, which showed that nearly all
samples were correctly classified into their respective material classes. The overall classification accu-
racy exceeded 98%, with only a small number of misclassifications occurring between chemically similar
underfill materials.

The Si-Hi plots further showed that samples belonging to each modeled material class generally fall
within the corresponding acceptance region, while spectra from other classes lie outside the classification
boundary. These results support the feasibility of SIMCA class modeling for packaging-polymer identifi-
cation, while also showing the importance of reporting class-specific errors and unknown rejection.

From a measurement perspective, several factors influencing the reliability of the FTIR-ATR iden-
tification method were discussed, including sample heterogeneity, ATR contact conditions, spectral
acquisition parameters, and chemometric model construction. By carefully controlling these factors, the
FTIR-ATR and SIMCA methodology can be implemented as a reproducible and traceable measurement
approach.

Opverall, the proposed framework provides a rapid and minimally destructive measurement workflow
for identifying polymer materials in electronic-package cross-sections. The results should be interpreted
as validation within the present material library rather than universal proof across all commercial pack-
aging polymers. Additional DA adhesives, supplier lots, filler systems, and production-device samples are
required before the method can be treated as broadly generalizable.

Future work will focus on expanding the spectral library to include additional polymer formulations,
especially DA adhesives from different manufacturers and filler systems. Future studies will also compare
SIMCA quantitatively with closed-set spectral matching and discriminant classifiers under independent-
batch validation.
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