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ABSTRACT: Cross-linked polyethylene (PEX-a) pipe is being increasingly used for
water transport and heating applications. Its long-term stability is improved through the
addition of stabilizing additive molecules that protect the pipe from environmental
factors such as exposure to hot water, chlorine, and UV light. We have used infrared
(IR) microscopy to measure line profiles of IR spectra across the pipe wall thickness for
pipes that have been exposed to recirculating hot water at different fixed temperatures T
for different aging times t. To analyze this large body of data, we used a deep learning
approach involving a β-variational autoencoder (β-VAE) model. The leading latent
variable L1 corresponds to the hydrolysis of a stabilizing additive molecule, and we track
the penetration depth δ of the hydrolysis front radially outward from the inner wall of
the pipes. The radial profiles of L1 collected for different aging temperatures T and
times t allow us to interpret the propagation of the hydrolysis front as a simple diffusion
process for which the activation energy Ea is large compared with the thermal energy
kBT. In addition, we determine time scaling factors a(T) for the data sets collected at different temperatures T that allow us to
collapse all of the data onto a master curve of δ versus scaled aging time t′ = a(T)t, and to determine that an increase in the aging
temperature T of 10 °C corresponds to a decrease in the aging time t by a factor of 1.8. Our results illustrate a distinct advantage of
the β-VAE analysis: it provides a useful, interpretable representation of our very large data set, allowing us to achieve a detailed
physical understanding of the stabilizing additive hydrolysis phenomenon.
KEYWORDS: accelerated aging, hydrolysis of stabilizing additives, cross-linked polyethylene pipe, β-variational autoencoders, diffusion,
time−temperature superposition

■ INTRODUCTION
Cross-linked polyethylene (PEX-a) pipe is increasingly being
used to replace metal piping for domestic and industrial water
transport and heating applications driven by cost savings and
ease of installation. To improve the in-service lifetime of PEX-a
pipe, stabilizing additive molecules are incorporated to
improve the resistance of the pipes to effects such as oxidation
and exposure to UV light.1,2 For example, hindered amine light
stabilizer (HALS) molecules such as Chimassorb 944 and
Tinuvin 622 are often formulated as oligomers of the basic
functional unit;3,4 oligomerization increases their size and
molecular weight, immobilizing them within the polymer
matrix and reducing their volatility. However, during in-service
use, stabilizing additives can undergo hydrolysis and photo-
degradation, which can lead to a reduction in the molecular
weight and increased mobility within the polymer matrix.5−9

To mimic and exaggerate the effects of in-service use and to
evaluate the long-term reliability of PEX-a pipe, accelerated
aging studies have been performed by exposing the pipes to
water under various conditions, e.g., elevated temperature,
pressure, and degree of chlorination.6,10−14 Previously, we used
infrared (IR) microscopy to compare the accelerated aging of

PEX-a pipe at a fixed elevated temperature of 85 °C in either
hot air or hot water.2 In this study, the IR spectra were
averaged over the central portion of the radial extent of the
pipe wall to avoid contributions and the associated complexity
from the inner and outer pipe surfaces, and we used a principal
component analysis (PCA) to determine the leading principal
components responsible for the variance in the data and to
track their evolution with aging time. For exposure to hot
water, this allowed us to determine a surprisingly short time
scale τ of 2.7 days for the hydrolysis of a stabilizing additive.2

One of the challenging aspects of using IR microscopy to
study the spatial distribution of IR spectra of different samples
aged under different environmental conditions is under-
standing the large amount of data that is generated. Instead
of using a univariate analysis to focus on specific IR absorption
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bands to interpret these large amounts of data as has been
done in previous studies,9,15−18 machine learning approaches
such as deep or generative learning have been used recently in
the field of materials science to provide new insights into the
analysis of large amounts of spectroscopy and microscopy
data.19−21 Recently, we developed a deep learning β-variational
autoencoder (β-VAE) model to analyze IR spectra of PEX-a
pipe.22,23 β-VAEs are a class of deep generative models that can
learn disentangled (independent and interpretable) represen-
tations of the generative factors responsible for variance in
data.24−26 We previously trained our β-VAE model on a
diverse data set of 25,000 IR spectra of PEX-a pipe exposed to
different environmental conditions.22 We learned three
informative latent dimensions corresponding to three phys-
icochemical processes responsible for the variance in the IR
microscopy data: the most informative latent dimension, L1,
which describes the hydrolysis of a stabilizing additive; the
second latent dimension, L2, which describes the oxidative
degradation of amorphous polyethylene; and the third latent
dimension, L3, which describes crack-specific degradation
characterized by ketone carbonyl and conjugated alkene
formation. We have recently applied a pretrained β-VAE
model to hyperspectral IR images of PEX-a pipe,23 which
yielded high lateral spatial resolution maps of physicochemical
changes to the pipe samples (latent variables L1, L2, and L3)
produced by aging. This capability allowed us to characterize
localized changes in the latent variables, e.g., line profiles of the
stabilizing additive hydrolysis associated with L1 and the
presence of cracks in the pipes associated with L3.

In the present study, we build on the success of our recent
work22,23 to apply our pretrained β-VAE model to line profiles
of IR spectra measured across the wall thickness of PEX-a
pipes that have been exposed to recirculating water at different
fixed temperatures T for different aging times t. Exposure of
the inner surface of the pipes to hot water causes hydrolysis of
the ester linkages within the oligomeric stabilizing additive,2

and this leads to the propagation of the hydrolysis of a
stabilizing additive from the inner pipe surface. Specifically, we
track the L1 latent variable, which is due to the hydrolysis of
the stabilizing additive,22,23 with aging time t at different fixed
aging temperatures T. By fitting the radial profiles of L1 to a
sigmoidal function of the radial distance r, we interpret the
propagation of the penetration depth δ of the hydrolysis as a
simple one-dimensional diffusion process, which allows the
determination of the activation energy for the diffusion
process. This analysis also allows us to determine that an
increase in aging temperature of 10 °C produces a degree of
hydrolysis that is equivalent to a decrease in the aging time by
a factor of 1.8. The results of the present study demonstrate
that a deep learning approach offers considerable promise to

process and interpret a large amount of spectroscopic data in
terms of simple physical models.

■ MATERIALS AND METHODS
Sample Preparation and Accelerated Aging of PEX-a Pipe.

For the accelerated aging experiments, we used segments of PEX-a
pipes (HeatLink; 12.7 mm inner diameter, 2.0 mm wall thickness,
approximately 6 cm in length). We exposed these pipe segments to
recirculating distilled water held at four different fixed temperatures
T�60, 70, 80, and 90 °C�for aging times t ranging from 3 days to
90 days. At different time points during the aging experiments, we
removed the pipes from the recirculating water setup and used an
American Optical model 820 rotary microtome to obtain thin slices of
the pipe perpendicular to the extrusion direction (axial slices; Figure
1).2 To avoid the pipe sample ends, where the pipe was coupled to
fittings on the recirculating water system, we used the microtome to
remove thick slices from the ends of the pipe samples until the
combined thickness of the removed slices was ∼4 mm (>pipe wall
thickness). The microtome was then used to produce thin (∼200 μm
thick) axial slices that were used in the FTIR microscopy experiments.

Infrared Microscopy Measurements. We measured trans-
mission IR absorption spectra on axial slices using a Thermo/Nicolet
Continuum Infrared Microscope equipped with an MCT detector at a
resolution of 4 cm−1. Approximately 30 spectra were collected, in 100
μm increments, across the wall thickness of each axial slice to obtain a
radial profile of each sample, as shown schematically in Figure 1b.2

Each spectrum represents the average IR absorption over a 50 × 50
μm area (at a given radial depth r), expressed in absorbance units

=A I Ilog( / )0 (1)

where I and I0 are the single beam intensities transmitted through the
pipe slice and air, respectively.

Spectra Preprocessing. IR spectra were preprocessed in
Quasar27 by baseline correcting the spectra and normalizing the
absorbance values by the 2019 cm −1 band, which arises from both
amorphous and crystalline regions of polyethylene, to correct for
variations in sample thickness.2 The frequency regions selected for
analysis were 1800−1520 and 1200−895 cm−1. These frequencies
correspond to the fingerprint region of the IR spectra, excluding
strong and saturated absorptions from the polyethylene.

β-Variational Autoencoder (β-VAE) Model Training and
Hyperparameters. To analyze the dependence of the IR spectral
features on aging time and temperature, we applied a pretrained
neural network β-variational autoencoder (β-VAE) to identify and
quantify the generative factors of variance in our spectroscopic data
set. A detailed description and derivation of the β-VAE framework is
described in detail in refs 24−26, and the coded implementations are
provided in refs 28−30. Briefly, the β-VAE model consists of an
encoder neural network, which encodes the input as random variables
with a Gaussian probability distribution, and a decoder neural
network, which samples latent values obtained from the probability
distribution. The β-VAE loss function minimized by the neural
network optimizer is the sum of two components: the mean squared
error (MSE) of the reconstruction compared to the input and a scaled

Figure 1. (a) Schematic diagram of a side view of a PEX-a pipe. An axial slice that is removed from the end of the pipe using a microtome is shown
in gray. (b) Schematic diagram of an axial slice of the PEX-a pipe. The dashed line in the expanded view indicates the radial direction along which
IR spectra are collected to obtain a radial profile.
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Kullback−Leibler (KL) divergence term, where the KL divergence
measures the difference between two probability distributions24−26

_ = + ·VAE MSE KLloss loss divergence (2)

Typically, β > 1, which increases the weight of the KLdivergence term in
the loss function relative to that of the MSEloss term.24,25 The balance
between the two terms in eq 2 is tuned by the choice of β. The most
informative learned latent dimensions are identified as those with the
largest KLdivergence cost that produce the largest changes in the
decoded spectra while holding the other latent dimensions constant.23

The β-VAE model was implemented in Python with TensorFlow31

and Keras.32 The input layer was 300 units, corresponding to an IR
spectrum consisting of 300 data points. The encoder consisted of two
fully connected 128-unit layers with ReLu activations. The latent
dimension consisted of 8 units (8 units mean and 8 units standard
deviation layer). The decoder consisted of two fully connected 128-
unit layers with ReLu activations and a 300-unit output layer
corresponding to the reconstructed IR spectrum, with linear
activations. The model was trained on a data set of ∼25,000 IR
spectra of virgin, in-service, cracked, and aged PEX-a pipe using an
Adam optimizer33 with a learning rate of 10−4 and β = 7.

■ RESULTS AND DISCUSSION
The recirculating water aging experiments produced systematic
changes to the IR spectra of the PEX-a pipe samples with aging
at a fixed temperature T for different aging times t.
Representative changes in the IR spectra are illustrated in
Figure 2a, in which we highlight the spectral ranges containing
the vibrations corresponding to the ester C�O (carbonyl) and

C−O bonds collected on a PEX-a pipe exposed to recirculating
water at T = 80 °C for different aging times t. The arrows
indicate the direction of changes in the IR peak absorbances
with increasing aging time t. Specifically, with increasing t, we
observed decreases in the absorbance of the ester C�O and
C−O peaks, centered at 1740 and 1170 cm−1, respectively, as
well as increases in the absorbance of the COOH and COO−

peaks, centered at 1700 and 1570 cm−1, respectively. These
changes are consistent with hot water-driven hydrolysis of
stabilizing additive ester linkages, as observed in previous
studies.2,22,23,34−39

In the β-VAE analysis of the IR data, the most informative
latent variable L1 describes hot water-driven hydrolysis of the
stabilizing additive ester linkages.22,23 The hot water flowing
past the pipe’s inner wall surface results in the hydrolysis of the
stabilizing additive, which propagates outward from the inner
wall with increasing aging time t. We use radial profiles of L1,
such as that shown in Figure 2b, to track the penetration of the
hydrolysis of the stabilizing additive through the pipe wall
thickness. At large radial distances, the value of L1 is positive
and large, corresponding to the stabilizing additive molecules
that have not been hydrolyzed. Near the pipe’s inner wall, the
value of L1 is large and negative, corresponding to hydrolyzed
stabilizing additive molecules. The transition between hydro-
lyzed and unhydrolyzed stabilizing additive molecules with
increasing radial depth r can be seen clearly in Figure 2b, and it
is well described by a sigmoidal function (solid curve in Figure
2b)
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which allows us to quantify the midpoint of the transition
(inflection point of the sigmoidal function), which we call the
penetration depth δ, as well as the width of the transition Δ.

In Figure 3, we show radial profiles of L1 for different aging
times t and temperatures T. For each value of T, we can see
that the radial profiles penetrate through the pipe wall
thickness with increasing aging time t and, with increasing
aging temperature T, the penetration of the radial profiles
proceeds more quickly through the pipe wall thickness. As in
Figure 2b, each radial profile in Figure 3 is well described by
the sigmoidal function in eq 3, and the best-fit curves for each
data set are shown as solid curves in Figure 3 using the same
color as the corresponding data set. We note that we obtain
similar maximum and minimum values of L1 for all profiles,
indicating the robust nature of the L1 values determined for
the data set. We have added short horizontal black lines to
most of the data sets in Figure 3 that correspond to the
midpoints or inflection points of the best-fit sigmoidal
functions, which we define to be the penetration depth values
δ.

The radially outward propagation of the L1 radial profiles is
driven by the hydrolysis of ester linkages within the stabilizing
additive molecules. This leads to a decrease in the degree of
polymerization of the oligomeric stabilizing additive molecules,
increasing their mobility within the polyethylene matrix. The
hydrolysis of ester linkages in the stabilizing additive begins
near the inner pipe wall upon exposure to hot water. This
creates smaller, more mobile fragments of the oligomeric
additive that can diffuse within the polyethylene matrix, and
the carboxylic acid products can catalyze further hydrolysis
within the same and different stabilizing additive molecules, a

Figure 2. (a) IR absorbance versus wavenumber at a fixed radial
position r for a PEX-a pipe exposed to recirculating water at 80 °C for
different aging times t ranging from 0 to 42 days, shown with different
colors, highlighting the spectral ranges containing the vibrations
corresponding to the ester C�O (carbonyl) and C−O bonds. The
direction of the arrows corresponds to increasing values of t. (b)
Representative plot of the average value of the L1 latent parameter
versus radial depth r (blue symbols) for a PEX-a pipe exposed to
recirculating water at 80 °C for 21 days. The inner surface of the pipe
corresponds to r = 0. The solid curve corresponds to the best fit of the
data to the sigmoidal equation specified by eq 3, characterized by the
penetration depth δ at the midpoint, as indicated by the solid black
circle with a short horizontal black line, of the sigmoidal function of
width Δ.
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process known as autocatalysis. As a result, the diffusion of the
small fragments of the stabilizing additive radially outward
from the pipe’s inner wall leads to the radial propagation of the
hydrolysis front in a process called diffusion-limited hydrol-
ysis,40 which we observe as the outward propagation of the L1
radial profile with corresponding penetration depth δ.

The above interpretation suggests that the dependence of
the penetration depth δ on aging time t can be described by a
simple diffusion process with a t1/2 dependence

=t A t t( ) ( )0
1/2 (4)

where we have allowed for an onset time t0 for significant
diffusion to occur. For the one-dimensional diffusion of small
molecules, the root-mean-square displacement xrms is written
as

=x t Dt( ) (2 )rms
1/2 (5)

where D is the diffusion coefficient, so that, in our
interpretation of the penetration of the hydrolysis process as
a diffusion process (eq 4), δ(t) corresponds to xrms(t), and we
interpret the coefficient A as (2D)1/2.

In Figure 4, we plot the penetration depth δ versus aging
time t for the four different aging temperatures T, together
with solid curves that correspond to the best fits of eq 4 to
each data set at each value of T. The agreement between the
data and best-fit curves is very good, with r2 values greater than
0.96. At each temperature T, there is a significant onset time
t0(T) before the hydrolysis front moves radially outward from
the inner wall of the pipe (Figure 4a), with t0 decreasing
significantly with aging temperature T (Figure 4b). The large,
temperature-dependent values of t0 are consistent with
attributing the propagating hydrolysis front to the diffusion
of fragments of the stabilizing additive molecules since
diffusion of a small molecule like water should not experience
a significant delay in its diffusion. It seems that sufficient
hydrolysis of the stabilizing additive molecules has to occur

before the small fragments can diffuse radially outward,
catalyzing further hydrolysis at larger radial distances.

We can gain further insight into the hydrolysis process by
utilizing the concept of time−temperature superposition.41 In
this approach, we determine scaling factors a(T) that allow us
to scale the aging times t such that the data sets collected at
different temperatures T collapse onto a single master curve for
a chosen reference temperature Tref. This scaling analysis
allows us to determine the change in aging time t
corresponding to a given increase in temperature T. To
determine the scaling required for the collapse of the data onto
a single master curve, we can use the best-fit curves shown in
Figure 4a. We choose a common value of δ, in this case, δ =
600 nm (30% of the pipe wall thickness), and solve eq 4 at
each temperature T for the corresponding value of the aging
time t at each of the four measurement temperatures T. To
obtain the collapse of all of the data sets, we choose a reference
temperature Tref = 80 °C, determine the ratio a(T) = t(T =
Tref)/t(T), and calculate the scaled times t′ = a(T)t. In Figure
5, we show the corresponding master plot of penetration depth
δ versus scaled aging time t′, and the overlap of the different
scaled data sets is very good. Based on this analysis, the average
value of the scaling factor a(T)ΔT=+10 °C corresponding to an
increase in temperature by 10 °C within the 30 °C temperature
measurement range is 1.8. This provides a useful rule of thumb
for the penetration of the hydrolysis of the stabilizing additive:
an increase in the aging temperature T of 10 °C corresponds to
a decrease in the aging time t by a factor of 1.8.

We can use our measurements of the temperature
dependence of the penetration depth δ to calculate the
activation energy Ea associated with the diffusion process. The
diffusion of small molecules is typically interpreted as an
Arrhenius process for which the temperature dependence of
the diffusion coefficient D(T) is given by42

=D T D E k T( ) exp ( / )0 a B (6)

Figure 3. Average values of the L1 latent parameter versus radial depth r for PEX-a pipes exposed to recirculating water at different temperatures T:
(a) 60 °C, (b) 70 °C, (c) 80 °C, and (d) 90 °C. The inner surface of the pipes corresponds to r = 0. In each plot, symbols with different colors
correspond to different aging times t in days, as indicated in the corresponding legend, and the best-fit curve of each data set to eq 3 is shown in the
same color. The midpoint of the transition (penetration depth, δ) for each best-fit curve is indicated by a short horizontal black line.
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where D0 is a temperature-independent coefficient, Ea is the
activation energy for the diffusion process, kB is Boltzmann’s
constant, and T is the absolute temperature. The best-fit values
of A can be used to obtain the corresponding values of D = A2/
2, with the temperature dependence of A given by

A T E k T( ) exp ( /(2 ))a B (7)

The values of D can be compared at the highest and lowest
measurement temperatures to obtain an expression for the
activation energy Ea

=
( )

E
k D Dln ( / )

T T

a
B H L

1 1

H L (8)

where DH (DL) and TH (TL) correspond to the diffusion
coefficient and temperature values at the highest (lowest)
measurement temperature. Substituting the best-fit values of
DH = 45,000 nm2/s, DL = 6600 nm2/s, TH = 363 K, and TL =
333 K yields a value of Ea = 1.1 × 10−19 J. To assess the
magnitude of Ea, we can compare it to the average value of the
thermal energy kBTav, where Tav is the average measurement
temperature of T = 348 K, and we find that Ea/(kBTav) = 22,
corresponding to a relatively high energy barrier for the
hydrolysis diffusion process. Despite this rather large value of
Ea, we note that the hydrolysis of the stabilizing additive
molecules occurs on a time scale (of the order of tens of days)
that is very short compared with the desired lifetime of PEX-a
pipes (many decades). This result provides an incentive for the
PEX-a pipe industry to develop stabilizing additives that
provide the desired protection for a much larger fraction of the
pipe’s lifetime.

It is challenging to relate the results of the present study for
PEX-a pipe aged by recirculating hot water to those obtained
for PEX-a pipe aged by immersion in hot water in ref 2 because
of differences in the nature of the exposure of the pipe surfaces
to hot water: for recirculated heating, only the inner pipe
surface is exposed to hot water, with the outer pipe surface
exposed to room temperature air, whereas for immersion
heating, both pipe surfaces are exposed to hot water. As a
result, for hot water at the same elevated temperature, the time
scale for hydrolysis for immersion heating,2 propagating away
from both pipe surfaces, is smaller for immersion heating than
for recirculated heating, as measured in the present study.

■ SUMMARY AND CONCLUSIONS
We have used a pretrained β-VAE deep learning model to
study the propagation of the hydrolysis of a stabilizing additive
in cross-linked polyethylene pipe samples that were exposed to

Figure 4. (a) Penetration depth δ versus aging time t for the data
shown in Figure 3 for PEX-a pipes exposed to recirculating water at
different temperatures (T = 60 °C (blue circles), 70 °C (purple
circles), 80 °C (gold circles), and 90 °C (red circles)). The solid
curves correspond to the best fits of each data set to eq 4. (b) Best-fit
values of the onset time t0 (defined in eq 4) versus aging temperature
T obtained from the best fits to the data shown in Figure 4a. The solid
curve corresponds to the best fit of the t0(T) data to an exponential
function. (c) Best-fit values of the prefactor A (defined in eq 4) versus
aging temperature T obtained from the best fits to the data shown in
Figure 4a. The solid curve corresponds to the best fit of the A(T) data
to eq 7, in which we use the best-fit value of the activation energy Ea
associated with the diffusion process, as determined below.

Figure 5. Master plot of penetration depth δ versus scaled aging time
t′ = a(T)t for the data shown in Figure 4a for PEX-a pipes exposed to
recirculating water at different temperatures (T = 60 °C (blue circles),
70 °C (purple circles), 80 °C (gold circles), and 90 °C (red circles)).
The scaling factors a(T) have been calculated so that all of the data
sets overlap with that measured at the reference temperature Tref = 80
°C.
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recirculating hot water at different fixed temperatures for
different aging times. Exposure of the inner pipe surface to hot
water leads to hydrolysis of stabilizing additive molecules,
creating small fragments that diffuse within the polyethylene
matrix and leading to the outward radial propagation of
hydrolysis. Our deep learning approach allowed us to identify
the leading latent variable L1 associated with the hydrolysis
process. At each aging time, we observed a sigmoidal radial
profile L1 from which we defined the hydrolysis penetration
depth δ as the midpoint of the best-fit sigmoidal curve. At each
aging temperature, the dependence of δ on aging time t was
well described by a (t − t0)1/2 dependence, corresponding to
diffusion with an onset time t0. Analysis of the temperature
dependence of the diffusion coefficient D allowed us to
determine the activation energy Ea ∼ 22 kBT, indicating a high
energy barrier to the diffusion process. By applying the
principle of time−temperature superposition, we obtained a
collapse of all of the data onto a master curve, which allowed
us to determine that an increase in aging temperature of 10 °C
produced a degree of hydrolysis that was equivalent to a
decrease in the aging time by a factor of 1.8. Our results
illustrate the advantage of the β-VAE analysis, providing a
useful, interpretable representation of our very large data set
and allowing us to achieve a detailed understanding of the
stabilizing additive hydrolysis.
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