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ABSTRACT: Driving mechanical recycling with minimal energy
consumption has become increasingly urgent. However, recycled
plastics derived from household plastic waste, which accounts for
approximately half of all plastic waste, are contaminated with non-
plastic substances and mixed polymers. These contamination levels
vary significantly from lot to lot, limiting their use to low-grade
applications, where consistent quality is less critical. This study
highlights that all recycled plastics undergo melting, kneading, and
pelletizing processes. By predicting the mechanical properties of
recycled products based on melt viscosity (auxiliary data obtained
during kneading without additional costs), we propose a nearly
zero-cost, lot-by-lot inspection method. Pre-production prediction
of pellet properties during kneading enables the classification and
extraction of high-quality, uniform recycled plastics tailored to specific applications. To validate this approach, we predict the tensile
properties and Charpy impact energies of 23 lots of household polypropylene (PP) waste. Leveraging a bidirectional recurrent neural
network, we developed a system to classify pellets prior to production based on predicted mechanical properties, achieving over 85%
accuracy. This innovative analytical method provides a cost-effective solution for upcycling household waste, contributing to
sustainability within the circular economy.
KEYWORDS: household plastic waste, mechanical recycling, upcycling, property prediction of recycled materials, melt viscosity,
recurrent neural network

■ INTRODUCTION
Plastic, first commercialized 120 years ago, now contaminates
nearly every natural environment. Its environmental impact was
already recognized in the 1970s, spurring global efforts to tackle
the issue.1 However, individual ethics and environmental
awareness alone are no longer sufficient. Achieving a sustainable
society that coexists with plastics requires converting waste into
resources. To advance this goal, Plastics Europe has proposed
mandating 30% recycled content in plastic packaging by 2030.2

Recycled plastics, however, suffer from deteriorated perform-
ance due to degradation and contamination. While chemical
recycling can restore properties at the molecular level, it is
energy-intensive.3 In contrast, mechanical recycling�melting
and reusing�offers the lowest global warming impact4 and
energy-efficient option for plastics with low degradation
degree,5−7 driving demand for high-quality plastic waste from
homogeneous sources like in-factory industrial scrap. Mean-
while, household plastic waste, which is often chemically
contaminated,8 exhibits significant quality variability depending
on the collection time and location. This hinders its use in high-

value applications, leaving household waste as a “lower-grade
recycling source”.3

In Japan, household plastic waste accounts for 51% of all
plastic waste with only 17%mechanically recycled in 2021.9 The
1997 Container and Packaging Recycling Law mandates strict
waste separation, allowing Japan to achieve a recycling rate
higher than the global average of 9%.10 However, the quality of
recycled materials remains inconsistent,11 driving demand for
analytical technologies that can extract high-quality fractions.
Property requirements also vary by application such as balancing
stiffness and ductility. Lot-by-lot characterization of recycled
plastics enables optimal allocation of each lot to suitable
applications. However, economic constraints12 limit such
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inspection systems to sorting by color and polymer type using
in-line optical separation techniques, such as Raman spectros-
copy,13 near-infrared spectroscopy (NIR),14 laser-induced
plasma spectroscopy,15 and hyperspectral imaging.16

This study highlights that all recycled plastics undergo
melting, kneading, and pelletizing processes before entering
the recycled materials market. During kneading, the torque
required to maintain screw rotation reflects polymer viscosity,
enabling cost-free derivation of apparent melt viscosity.17

Continuous monitoring of viscosity changes reveals the plastic’s
fluidity response to heat and stress, which typically decreases due
to thermal plasticization and degradation.18 This viscosity
evolution could embed lot-specific information, such as
molecular weight distribution, chemical degradation, and
contamination levels, serving as a cost-free descriptor for
predicting mechanical properties of products. By leveraging
deep learning techniques,19 such as bidirectional recurrent
neural networks (RNNs),20 the mechanical properties of
recycled pellets can be predicted prior to production, enabling
the extraction of uniform, high-quality lots (Figure 1). This
study further demonstrates that viscosity data collected under
one set of thermal conditions can predict the properties of
specimens processed under different conditions. This finding
has significant practical implications, as viscosity data from
pelletization can predict the properties of products manufac-
tured by reprocessing the pellets under different conditions.
This enables the extraction of optimal lots tailored to customer-
specific applications, promoting upcycling.

■ EXPERIMENTAL SECTION
Melt Kneading for Viscosity Data Acquisition and Tensile

Test Specimen Preparation. The dataset used in this study

comprises 23 samples of polypropylene (PP) derived from household
waste, collected on different days between April and June 2023 from
various local governments in Japan. The samples were presorted by
density, magnetic, and optical separations and subsequently compacted
into pellets, following the industrial recycling process of Toyama
Kankyo Seibi Co., Ltd. The resulting recycled plastics of roughly 11.5 g
were then loaded into a small twin-screw extruder with a circulating
path (Xplore MC 15HT; Xplore Instruments) at 220 °C for 600
seconds. The melting point of PP is typically around 160 °C, and 220
°C may seem relatively high. However, there are two key reasons for
using a high temperature. First, the high-throughput processing of large
volumes of recycled plastic requires higher temperatures to reduce
viscosity and ensure efficient mixing. Second, high-temperature
kneading helps reset the polymer chain conformation, which is believed
to improve mechanical properties.21 The screw speed was fixed at 100
rounds per minute, and from the necessitated torque current, the melt
viscosity was calculated by default software equipped in Xplore MC
15HT. After the mixing, the melt plastics were injected into a dog-bone
mold by air pressure of 6 bar at 45 °C, yielding two dog-bone-shaped
specimens. The resulting specimens were then subjected to a tensile
test.
Tensile Testing. Tensile testing was conducted by using AG-

10KNX (Shimadzu). The tensile speed was fixed at 30 mm/min. Since
melt-kneading mentioned above could afford only three specimens, one
of them is contaminated with the previous melt-kneading sample, and
only two trials per one recycled PP could be conducted. However, as
shown in Figure 2, the two stress−strain curves for identical samples
were well consistent including breaking stress. From each curve, elastic
modulus, yield strength, and breaking stress were calculated using the
equipped software and averaged over two trials for a single sample, as
summarized in Table S1.
Charpy Impact Testing. The Charpy impact test specimens were

prepared using a single-screw extruder with a linear pathway at 250 °C.
The kneading time is constant, as it corresponds to the time required for
the molten plastic to pass through the linear pathway, but it remains

Figure 1. A nearly zero-cost lot-by-lot inspection is achieved by predicting tensile properties based on melt viscosity�auxiliary data obtained without
incurring costs�during the pelletizing process of recycled materials.
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unknown. The test specimens were molded into rectangular bars (80 ×
10 × 4 mm) using an EC30SXII-1A injection molding machine
(Shibaura Machine Co., Ltd.) at a molding temperature of 230 °C.
Notches were introduced using a notching tool (model A-4E; Toyo
Seiki Seisakusho, Ltd.). The impact tests were conducted using a 2 J
hammer at 23 °C, with each test repeated five times, and the average
impact energies were recorded and summarized in Table S1.

■ RESULTS AND DISCUSSION
In practical pelletizing, product pellets should be classified based
on pre-production property predictions. Accordingly, 23
recycled materials were grouped into three classes via
hierarchical clustering based on tensile properties, and class
labels were assigned to the corresponding melt viscosity curves
(Figure 2A and Table S1). Class 0 had a low elastic modulus
(830 ± 39 MPa) and yield stress (24.0 ± 1.08 MPa), but a high
breaking strain (338 ± 45%). Class 2 had a high elastic modulus
(987 ± 39 MPa) and yield stress (27.6 ± 0.49 MPa), but a low

breaking strain (171 ± 41%), indicating hardness but brittleness.
Class 1, representing “high-quality” PP, showed a balanced
profile with a high elastic modulus (943 ± 13 MPa) and yield
stress (27.2 ± 0.27 MPa) and moderate breaking strain (279 ±
37%).

The melt viscosity curves in Figure 2C lack distinct class-
specific features. To enhance them, we applied mathematical
preprocessing (Figure 3). Given the small dataset and the need
to simplify the model, the data were averaged every 20 s,
reducing 600 time points to 30. The dataset was then
standardized to a mean of zero and a variance of one, preserving
the relative magnitudes of melt viscosities across samples�an
essential characteristic of the “raw data” (Figure 3A). Overlaying
the curves with class-specific colors revealed trends in viscosity
magnitudes: Class 0 > Class 1 > Class 2. However, substantial
intra-class variability and overlap among classes made
discrimination challenging. Moreover, melt viscosity derived
from the torque is affected not only by the plastic’s intrinsic

Figure 2. (A) Class labeling based on hierarchical clustering of the tensile properties of the 23 types of recycled materials. (B) Tensile tests were
performed for each class. Two tensile tests were conducted for each recycled material, with the first test shown by a solid line and the second by a
dashed line in the same color. The repeated curves were consistent, including breaking stress. (C) Smoothedmelt viscosity data were obtained for each
class.
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properties but also by external factors such as feed quantity and
residuals from previous lots. Therefore, predictive models
should account for such uncertainties in viscosity measurements.

To address this, we applied a mean-zero offset adjustment to
each sample, aligning the time-series average to zero (Figure
3B). This eliminated relative magnitude differences among
samples but enhanced class-specific trends in viscosity changes,
particularly in the gap between initial and final viscosities: Class
0 > Class 1 > Class 2. Further standardization of the mean-zero
offset data to a variance of one (Figure 3C) emphasized curve

shape, compensating for the lost information on the gap
magnitudes. Since each of the three data types�raw, mean-zero
offset, and standardized�highlighted distinct features, combin-
ing all three as inputs to machine learning models would
facilitate mechanical property prediction compared to using raw
data alone. Note that the reduction in viscosity over time is
generally attributed to a decrease in molecular weight due to
thermal degradation.22 However, a recent study indicates that
recycled PP does not undergo severe chemical degradation
under 210−250 °C for about 10 min.21 Instead, because
recycled PP generally contains around 20% of other polymers
such as polyethylene or polystyrene, both of which are
immiscible with PP, morphological changes in these domains
can also explain viscosity reduction.23 Regardless of the
mechanism, the initial molecular weight distribution and
polymer composition strongly influence how the viscosity
evolves. Therefore, using an RNN to analyze viscosity evolution
profiles may predict the mechanical properties for each lot.

Figure 4 illustrates the architecture of the predictive model,
which outputs logits for the three tensile classes. The class with
the highest logit is selected as the predicted class for the
corresponding input viscosity data with a dimension of (3, 30),
corresponding to three channels of raw, mean-zero offset, and
standardized data with 30 timepoints. The last point, reflecting
the plastic’s condition just before molding, would be critical for
property predictions. However, as mentioned above, the
temporal evolution of melt viscosity also exhibits distinct class-
specific features. Additionally, the rapid response to heat and
stress likely reflects the polymer’s microenvironment through its
thermal stability.24 Therefore, a bidirectional RNN architecture
effective for capturing the “context” specifically at the first and
last was adopted.20 The extracted “context” of the viscosity
evolution is then passed through two fully connected layers,
which compute the logits for the three tensile classes. This
simple model architecture was specifically designed to
accommodate the extremely small dataset. To further address
the dataset limitations, we augmented the viscosity curves by
randomly adding Gaussian noise, increasing the dataset size
tenfold (see Figure S1 for example of augmented viscosity
curves).25 The model was optimized by minimizing cross-
entropy loss using a learning rate of 0.01 and mini-batch training
with 50 batches over 300 epochs.

Figure 3. Time evolution curves of melt viscosity during the circulating
kneading process. (A) Raw data, (B) zero-mean offset, and (C)
standardized data. The colors red, blue, and green represent tensile
classes 0, 1, and 2, respectively.

Figure 4. (A) Structure of the RNN class classifier. The numbers represent the dimensions of the network. (B) Confusionmatrix showing the results of
LOOCV.
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The model was implemented using Pytorch (see Data S2 for
the source code). Due to the small dataset, we employed leave-
one-out cross-validation (LOOCV) to evaluate model accuracy.
For each of the 23 iterations, the model was trained on 22 class-
labeled viscosity curves, with the remaining curve used as the test
input. This process produced the confusion matrix (Figure 4B),
showing the true labels on the vertical axis and the predicted
labels on the horizontal axis. Each cell indicates how many
samples fall into each true−predicted pair. If most samples lie
along the diagonal from top-left to bottom-right, then the
prediction model is both accurate and highly sensitive. Notably,
during LOOCV, both the original test sample and its 10

augmented duplicates were entirely excluded from the training
set.

Despite the small dataset, the model achieved over 85%
accuracy using all three input channels. In contrast, predictions
based on one or two channels were less reliable (Figure S2),
highlighting the effectiveness of three-channel inputs in
mitigating uncertainties in viscosity curves. To evaluate whether
the prediction accuracy was sufficient for extracting high-quality
lots, six lots predicted as Class 1 (Figure 4B, middle column)
were mixed in equal proportions, kneaded, and tested for tensile
properties. Of these six lots, five were true Class 1, while one was
a relatively brittle Class 2. The resulting elastic modulus, yield

Figure 5. Transfer learning from the tensile prediction model to predict Charpy impact energy. (A and B) Lower-dimensional representations of
original and augmented melt viscosity curves obtained using principal component analysis (PCA), colored by tensile classes (A) and impact classes
(B). (C and D) Confusion matrices for Charpy impact energy prediction without transfer learning (C) and with transfer learning from the tensile
prediction model (D).
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stress, and breaking strain were 930 MPa, 26.1 MPa, and 283%,
respectively�closely matching the average values of true Class 1
samples. This confirmed that the prediction accuracy was
sufficient to enable cost-effective extraction of high-quality lots
without full-lot inspection. The four misclassified samples in
Figure 4B are marked in the lower-dimensional descriptor space
in Figure 5A. Misclassifications were observed near the
boundary where the three classes converge, a common challenge
in multi-class classification. This issue can be mitigated by
increasing the density of samples near the boundary.

We extended the melt viscosity-based prediction model to
include the Charpy impact energy. Unlike tensile test specimens,
which were molded immediately after the viscosity data were
recorded from the same lot portion, Charpy test specimens were
prepared from a separate portion using a single-screw kneader
under distinct conditions. This discrepancy introduced
complexity as the melt viscosity data did not reflect the thermal
history of the Charpy specimens. The increased complexity is
evident in the lower-dimensional visualization of the melt
viscosity curves (Figures 5A and 5B) generated by principal
component analysis (PCA). In this analysis, the original high-
dimensional dataset (3 × 30) was projected onto a two-
dimensional space defined by the first two principal components
(PCA1 and PCA2). These components capture the greatest
variance in the data, providing an optimal lower-dimensional
representation, while preserving key structural patterns.

The projected data points are colored by the tensile classes in
Figure 5A and by the Charpy impact energy classes in Figure 5B.
Notably, the tensile classes formed distinct clusters, whereas the
impact energy classes did not. This suggests that when two lots
exhibit broadly similar viscosity profiles, they also tend to have
similar tensile properties�indicating that tensile classes can be
predicted relatively easily. In contrast, the absence of well-
defined clustering by Charpy impact classes implies that simply
examining broad viscosity patterns may be insufficient for
predicting impact energy classes. Instead, subtle details of the
viscosity profile�or potentially strong nonlinearities between
viscosity and Charpy properties�become important, making
accurate impact predictions significantly more challenging.

For Charpy impact testing, samples were classified into three
classes�Classes 0, 1, and 2�based on impact energy from
lowest to highest (see Table S1 for numerical data and Figure S3
for labels). Unlike tensile classification based on three
properties, the impact classification is based on scalar values
with a clear ordinal relationship. To reflect class distances, we
employed label distribution learning26 with soft labels instead of
one-hot encoding (e.g., [1, 0, 0] for Class 0). The soft labels were
approximately defined based on a Gaussian distribution,
assuming a class-to-class distance of 0.7 sigma, as follows:
Class 0, [0.75, 0.2, 0.05]; Class 1, [0.2, 0.6, 0.2]; and Class 2,
[0.05, 0.2, 0.75]. This approach accounts for both class distances
and uncertainty in label assignment, making it particularly
effective for datasets like impact energy, where standard
deviations are comparable to class thresholds (see Figure S3).
The loss function was defined using Kullback−Leibler
divergence between predicted probabilities and soft labels.
Other than label representation, the model architecture
remained identical to that used for tensile property prediction.

Direct prediction of impact classes from viscosity data
resulted in unsatisfactory accuracy and sensitivity (Figure 5C).
In particular, brittle Class 0 specimens were frequently
misclassified as impact-resistant Class 2, failing to exclude
defective lots and maintain product quality. To address this, we

employed transfer learning,27 reusing RNN layers pre-trained
for tensile prediction and fine-tuning the fully connected layers
for impact prediction (Figure 5D; see Figure S4 for the
flowchart). This approach improved the sensitivity to 70% for
detecting brittle Class 0 (7/10) and achieved 66% accuracy for
impact-resistant Class 2 (4/6). Notably, only one defective Class
0 sample was misclassified as Class 2, demonstrating sufficient
accuracy to prevent quality and pricing downgrades. Pre-training
on tensile classification enabled the RNN to extract lot-specific
features from viscosity data, allowing for property prediction
despite the weak correlation between viscosity and Charpy class,
which arises from the different thermal conditions used during
specimen preparation, as mentioned earlier.

■ CONCLUSION
This study explored a nearly zero-cost lot-by-lot inspection
method for recycled PP. Implementing this approach in
recycling facilities would readily expand the dataset, enhancing
predictive accuracy and enabling the use of advanced models,
such as attention-based models,28 to investigate the links
between mechanical properties and melt viscosity. Integrating
chemical spectrometry techniques, like Raman spectroscopy,13

NIR,14 and pyrolysis mass spectrometry,29−32 with mechanical
viscosity data would provide deeper insights into multi-
component polymer systems and their interactions,33 enabling
predictions of more advanced properties.

While actual recycling facilities typically use linear kneaders
instead of circulating ones, time-dependent changes in viscosity
can be interpreted as continuous viscosity changes along the
kneading path, which can be monitored using embedded soft
sensors.34 Such soft sensors offer higher accuracy than torque-
derived viscosity, deriving more reliable descriptors. Addition-
ally, the recycled PP used in this study was primarily sourced
from food packaging, which generally contains minimal
additives or fillers. While some contamination may be present,
its level is likely low. Therefore, we cannot directly claim that the
proposed model is applicable to PP samples with a high filler or
additive content. However, since such additives and fillers
significantly influence viscosity evolution, the viscosity profile
likely contains implicit information about their presence. This
suggests that it may be possible to predict material properties
influenced by fillers and additives. Overall, the cost-effective lot-
by-lot inspection technique would significantly advance the
circular economy.
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