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A B S T R A C T   

Increasing plastic recycling rates is key to addressing plastic pollution. New technologies such as chemometric 
analysis of spectral data have shown great promises in improving the plastic sorting efficiency to boost recycling 
rates. In this work, a novel deep learning architecture, PolymerSpectraDecisionNet (PSDN) was developed, 
consisting of convolutional neural networks, residual networks and inception networks in a decision tree 
structure. To better represent the conditions in the plastic recycling industry, the models were built to identify 
the most widely recycled polymers – polyethylene, polypropylene and polyethylene terephthalate from open- 
sourced infrared and Raman spectral dataset containing over 20 different polymers. PSDN performed better 
than end-to-end neural networks, obtaining an accuracy of 0.949 and 0.967 with the Raman and infrared 
datasets respectively. The use of deep learning can also distinguish between weathered and unaged polymer 
samples, with accuracies of 0.954 for high density polyethylene and 0.906 for polyethylene terephthalate.   

1. Introduction 

Plastic is an indispensable part of the world today, widely used in 
various industries such as packaging, construction, medical and agri-
culture. In 2020, global plastic production topped up at 368 million tons 
(Plastics Europe, 2022), representing a 200-fold increase over the past 
70 years (Geyer et al., 2017; Ritchie, 2018). A significant percentage of 
plastic ever produced were landfilled, while only 9% has been recycled 
(Geyer et al., 2017). Mismanagement of plastic waste is a global envi-
ronmental crisis, causing major damage to the ecosystem and potentially 
harmful effects to human health (Jambeck et al., 2015). 

To address plastic pollution, there is a need to boost plastic recycling 
rates (PEW Charitable Trusts; & SYSTEMIQ, 2020). While plastic recy-
cling rates have generally been trending upwards over the years, plastic 
recycling rates remain low globally at around 18% (OECD, 2018). A 
major challenge contributing to low recycling rates is the inability to 
properly sort recyclable plastics without contamination from other 
waste, which affects the quality and market value of recycled plastic 
products. Furthermore, plastic sorting has traditionally relied on a 
combination of manual labor and physical methods (Dodbiba & Fujita, 
2004), which cannot be scaled up efficiently to reap the benefits of 
economies of scale due to high labor costs. 

In recent years, the chemometric analysis of non-destructive spec-
troscopic data has been increasingly studied as an automated approach 
to improve plastic sorting systems (Araujo-Andrade et al., 2021). Widely 
used spectroscopic data includes infrared (IR), Raman and laser-induced 
breakdown spectroscopy (LIBS) (Neo et al., 2022). IR spectroscopy can 
be further broken down into near-infrared (NIR) and mid-infrared 
(MIR). IR spectroscopy measures the absorption/reflectance of IR radi-
ation by chemical bonds within the plastic molecule. Raman spectros-
copy measures the inelastic scattering of photons after excitation of 
plastic molecules by a laser. IR and Raman are often referred to as 
complimentary techniques, since Raman spectroscopy is active for 
chemical bonds with a change in polarizability, while IR spectroscopy is 
active for chemical bonds with a change in dipole moment. LIBS mea-
sure the elemental composition of plasma generated by laser pulses on 
the plastic. Each of these techniques produces a spectrum that serves as a 
molecular fingerprint to differentiate between plastic of different resin 
type. 

Chemometric analysis can be realized with machine learning tech-
niques. Traditional machine learning techniques like partial least square 
(PLS), k-nearest neighbor (kNN) and support vector machine (SVM) are 
popular options. Deep learning is a machine learning technique utilizing 
deep neural networks in an iterative learning process to determine the 
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neuron weights that can best map data in the input layer to the output 
layer. This is achieved through neurons in the hidden layer that consist 
of mathematical functions that apply different weightage to different 
parts of the data in the input layer. Deep learning techniques are 
considered state-of-the-art in many fields but have not seen the same 
level of uptake in chemometrics (Neo et al., 2022). 

1.1. Literature review 

The use of chemometrics for classification of plastic using non- 
destructive spectroscopic data is well established. One of the most 
popular technique is principal component analysis (PCA). In PCA, the 
data undergoes dimensionality reduction to principal components that 
explain the variance within the data. Hence, similar data points would 
be clustered together on a PCA plot. PCA was used in earlier chemo-
metrics work to identify the potential on distinguishing plastics by IR 
spectra (De Biasio et al., 2010) and LIBS spectra (Grégoire et al., 2011). 
It also continues to be used as a pre-processing technique prior to ma-
chine learning model training (Musu et al., 2019; Yan et al., 2021; Yang 
et al., 2020; Zhu et al., 2019) 

Supervised machine learning techniques include PLS, kNN and SVM 
are also popular chemometric techniques. For PLS, latent variables are 
constructed that best explain the relationship between the spectral data 
and the output label. This technique has traditionally been popular as a 
chemometric tool, and can be used for both classification and regression 
tasks (Calvini et al., 2018; da Silva & Wiebeck, 2020; K. Liu et al., 2019; 
Pieszczek & Daszykowski, 2019; Saeki et al., 2003; Sato et al., 2002). 
The kNN algorithm classifies data based on the majority class of its 
surrounding neighbors (Costa et al., 2017; Yang et al., 2020). SVM al-
gorithm works based on the construction of a hyperplane that serves as a 
decision boundary between different classes (Musu et al., 2019; Yang 
et al., 2020; Yu et al., 2014; Zhu et al., 2019). These machine learning 
techniques have been found to give good results with IR spectra (Boni-
fazi et al., 2014; Calvini et al., 2018; Karaca et al., 2013; Rani et al., 
2019; Said et al., 2020; S Serranti et al., 2020; Silvia Serranti et al., 2012, 
2015; Ulrici et al., 2013; Wu et al., 2020; Yang et al., 2020; Zhu et al., 
2019), Raman spectra (Allen et al., 1999; L. Chen et al., 2017; Musu 
et al., 2019; Silva & Wiebeck, 2019) and LIBS spectra (Costa et al., 2017; 
Junjuri et al., 2019; Vahid Dastjerdi et al., 2018; Yan et al., 2021; Yu 
et al., 2014). 

The use of artificial neural networks for chemometric analysis of 
plastic has also been studied with IR spectra (Feldhoff et al., 1997; 
Wienke et al., 1995; Yang et al., 2020), Raman spectra (Musu et al., 
2019; Roh et al., 2017) and LIBS spectra (Boueri et al., 2011; Junjuri & 
Gundawar, 2019, 2020; Roh et al., 2018). These works generally used 
basic three-layered neural network architecture, containing only one 
hidden layer. With the advances in deep learning in recent years, some 
recent works have applied deep learning to more challenging tasks, such 
as mixed polymers classification (Stiebel et al., 2018) and classification 
of plastic from different manufacturers (Peng et al., 2021). 

Despite well-established methodologies for chemometric-based 
classification of plastic, the datasets used in the above studies are 
limited as there is insufficient representation of plastic types in the 
dataset used for training the models and lack diversity of samples within 
each class. These datasets may not sufficiently represent the heteroge-
neity of samples received at waste sorting facilities. Hence, the high 
accuracies reported in the literature may not translate well into an in-
dustrial setting. 

Environmental weathering of plastics due to conditions like sunlight 
and moisture results in degradation which decreases the plastic quality. 
While it has been shown that weathered plastic samples can be distin-
guished from near infrared spectra (Chen et al., 2021), the use of che-
mometrics to automatically classify weathered samples have not been 
well studied. As there are more subtle differences in spectral features, 
deep learning could be a solution to this classification task, since it is 
able to learn more intricate features as compared to traditional machine 

learning methods (LeCun et al., 2015). 
In an industrial setting, NIR spectroscopy has traditionally been the 

spectrum of choice for application in plastic sorting lines due to the use 
of indium gallium arsenide (InGaAs) based detectors which are fast and 
sensitive for in-line systems (Neo et al., 2022). However, recent ad-
vances have seen the development of high-speed MIR, Raman and LIBS 
spectrometers that can be applied in industrial sorting lines as well. For 
instance, an array of specialized Raman spectrometers was used to 
identify plastic on a conveyor belt moving at 100 m/s (Musu et al., 
2019). Commercial MIR hyperspectral cameras and LIBS sorting sensor 
have also recently entered the market (Ocean Insight, n.d.; Specim, 
2020). Hence, this presents an opportune time to develop the chemo-
metric techniques for sorting plastic based on other types of spectral 
data. 

1.2. Aim and scope 

In this study, deep learning was used for chemometric analysis of 
open-sourced FTIR and Raman polymer databases from multiple sources 
(Baskaran & Sathiavelu, 2020; Cowger et al., 2021; Dong et al., 2020; 
Munno et al., 2020). Due to a lack of open-sourced LIBS database, LIBS 
was excluded from this study. Through this study, the suitability of 
different neural network architectures as chemometric analysis tech-
niques in identifying recyclable plastics was determined, taking into 
account various complicating factors that will be present in a real-world 
scenario. The recyclable polymers in this paper were identified as 
polyethylene (PE), polyethylene terephthalate (PET) and polypropylene 
(PP). The three recyclable polymers represent the bulk proportion of 
plastic waste from postconsumer sources (Schyns & Shaver, 2020) 
which are commonly accepted at plastic recycling programs and typi-
cally require further sorting at material recovery facilities. Other poly-
mers like polystyrene (PS) and polyvinylchloride (PVC) were excluded 
from the recyclable polymers list due to the low densities of expanded 
polystyrene foams and release of toxic chlorinated products respec-
tively. Other types of plastics commonly used in Waste Electrical and 
Electronic Equipment (WEEE) were also excluded as there are typically 
more specialized collection systems in place for WEEEs. The higher data 
availability with PE, PET and PP for both weathered and unaged poly-
mers also allow for derivation of deeper insights. The study contributes 
to the literature through 1) development of deep learning techniques to 
improve differentiation of polymer sorting and 2) exploration of deep 
learning techniques in identifying weathered polymer samples. 

2. Methods and materials 

This section describes the workflow for this paper, which includes 
different model architectures and the experimental approach, dataset 
acquisition and pre-processing methods, 

2.1. Model architecture 

The classification task at hand involves separating recyclable poly-
mers (PE, PET and PP) from a list of over 20 other polymers (Table S1) 
using spectral data. This presents a certain degree of difficulty, as there 
could be contamination from polymers with spectral data that are 
harder to distinguish from recyclable polymers. Drawing inspiration 
from the deep decision network developed by Murthy et al. (2016) for 
image classification task, which involves an algorithm to successively 
group training data automatically into clusters at various stages for an 
expert network to handle, we developed a novel architecture known as 
the PolymerSpectraDecisionNet (PSDN) for this classification task, 
comprising two neural network modules arranged in a tree like structure 
(Fig. 1). The first module is a neural network trained to classify spectral 
data into two classes – recyclable and non-recyclable, which helps to 
filter the dataset into a smaller subset with less non-recyclable polymers. 
The spectra predicted as recyclable from the first module were then 
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passed through a second neural network, which can then serve as an 
expert network to classify the polymers into their individual classes. To 
account for non-recyclable polymers that were wrongly classified as 
recyclable in the first neural network, the second neural network also 
features a non-recyclable class, allowing for two points of rejection of 
non-recyclable polymers, which could help to improve the purity of the 
sorted plastic stream. The approach was compared to a more traditional 
end-to-end neural (E2E) network. 

Several neural network architectures were studied for both the PSDN 
and E2E approach. Convolutional neural networks (CNN) are effective 
for analysis of 1D data, achieving state-of-the-art performance at low 
computational cost (Kiranyaz et al., 2021). In this study, four different 
CNN architectures that have shown good results with spectral data were 
used (Ng et al., 2019, 2020; Riese & Keller, 2019; Wang et al., 2020; 
Zhang et al., 2019). Artificial neural network (ANN) was also included to 
serve as a benchmark architecture. 

2.1.1. Artificial neural networks 
ANNs utilize fully connected neurons in hidden layers to map an 

input vector representing the data to the output class. Each of the 

neurons contains a function that applies a weight to different parts of the 
input, and together all the neurons help to learn a complex function. 
ANNs have been widely used for plastic classification from Raman 
spectrum (Musu et al., 2019) and other spectroscopic methods (Boueri 
et al., 2011; Junjuri & Gundawar, 2019, 2020; Yang et al., 2020). Hence, 
it serves as a useful benchmark to evaluate the effectiveness of CNN for 
this classification task. In this work, an ANN with 3 hidden layers with 
4096 neurons in each hidden layer was used. 

2.1.2. Convolutional neural networks 
CNN architectures are built with at least two types of layers – con-

volutional layers that extracts features from the input data and fully 
connected layers that are essentially ANNs. Some CNNs also contain 
pooling layers that helps in dimension reduction to reduce computa-
tional demands. CNNs have not been thoroughly explored for plastic 
classification tasks from spectrum data (Stiebel et al., 2018), but have 
been applied for other tasks, such as soil and food quality prediction 
(Y.-Y. Chen & Wang, 2019; Ng et al., 2019, 2020; Riese & Keller, 2019; 
Wang et al., 2020; Zhang et al., 2019). The basic CNN architecture, 
adapted from Ng et al. (2020) is illustrated in Fig. 2, while the 

Fig. 1. PSDN and E2E network approach. Grey circle represents a neural network. To account for non-recyclable polymers that were wrongly classified as recyclable 
in the first neural network, the second neural network also features a non-recyclable class. 

Fig. 2. Architecture for CNN, CoordConv and ResNet.  
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hyperparameters are shown in Table S2. It is composed of four convo-
lution layers, four pooling layers and three fully connected layers. 
Variations of the basic CNN architecture includes the CoordConv and 
residual network (ResNet) which is adapted from Riese & Keller (2019) 
and inception Net adapted from Wang et al. (2020) and Zhang et al. 
(2019). 

In CoordConv, the input data is extended by concatenating a hard- 
coded coordinate channel with a range of [− 1, 1] (R. Liu et al., 2018). 
This removes elements of translational invariance during the learning 
process, which is suitable for this task since each Raman shift is fixed to 
an index in the input data. The transformed data is then passed through 
the same basic CNN architecture. 

In ResNet, a skip connection is formed between an input of an earlier 
previous layer and the output of deeper layers which can help in 
learning identity mapping (He et al., 2016). In this work, the residual 
connection is formed between the input layer and the output of the 
fourth pooling layer before flattening into the first fully connected layer. 

In Inception Net, an inception block is utilized which concatenates 
the output of four parallel branches –1 × 1 convolution, 3 × 1 convo-
lution, 5 × 1 convolution and max-pooling. The original Inception Net 
created by Szegedy et al. (2015) for image recognition coupled 1 × 1 
convolutions in the branches for dimension reduction to reduce the 
computational demands. However, since the data used in this work is 
just one dimensional, the strain on computational resources is much 
reduced. Therefore, a naïve inception block was used instead without 
the 1 × 1 convolutions for dimension reduction. The architecture for the 
Inception Net used in this work is shown in Fig. 3 and the hyper-
parameters are shown in Table S3. 

2.2. Dataset description 

There are two separate datasets built for the purpose of experimen-
tation, namely the Raman dataset and FTIR dataset. 

2.2.1. Raman dataset 
Three different open access Raman polymer spectral databases were 

used to generate the Raman dataset for this work. The first database is 
the Open Specy Raman reference library (Cowger et al., 2021), from 
which the Raman spectra of 266 polymer samples were obtained. The 
second database is the Raman database of standard and weathered 

microplastics (RDSP & RDWP) created by Dong et al. (2020), from 
which 173 polymer samples were obtained. The final database is the 
spectral libraries of plastic particles (SLoPP & SLoPP-E) created by 
Munno et al. (2020), from which 261 polymer samples were obtained. 
The three combined databases gave a total of 700 polymer samples. 

Each polymer sample was labelled according to the ‘type’ and 
‘weathering’. The ‘type’ label consisted of one of 4 classes – PE, PET, PP 
and others. These three polymers (PE. PET and PP) were specifically 
labelled as they are the most widely recycled plastics (Locock et al., 
2017). There are over 20 different polymers grouped under the ‘others’ 
label; these are summarized in Table S3. The ‘weathering’ label consists 
of 2 classes, weathered and unaged. The unaged samples may refer to 
either virgin plastics or postconsumer plastic waste that would be 
thrown into general or recycling bins. The weathered samples have gone 
through controlled weathering experiments (Chabuka & Kalivas, 2020) 
or have been naturally weathered in the environment over prolonged 
periods of time (Baskaran & Sathiavelu, 2020; Dong et al., 2020; Munno 
et al., 2020) The dataset characteristics are summarized in Table 1, 
while information related to sample and equipment is furnished in 
Table S4. 

2.2.2. FTIR dataset 
Two different open access FTIR polymer spectral databases were 

used to generate the Raman dataset for this work. The first database is 
the Open Specy FTIR reference library (Cowger et al., 2021), from which 

Fig. 3. Inception net architecture.  

Table 1 
Raman dataset characteristics. The number of weathered samples in each 
database is indicated in parentheses.   

Raman shift 
(cm− 1) 

Labels Total 
PE PET PP Others 

Open Specy 150 – 3000 
300 – 2000 
300 – 3200 

42 12 16 196 266 

RDSP & 
RDWP 

200 – 3500 74 
(72) 

16 
(10) 

54 
(51) 

29 (22) 173 
(155) 

SLoPP & 
SLoPP-E 

100 – 3500 
100 – 2000 

50 
(26) 

32 
(13) 

38 
(21) 

141 
(53) 

261 
(113) 

Total  166 
(98) 

60 
(23) 

108 
(72) 

366 
(75) 

700 
(268)  
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the ATR-FTIR spectra of 626 polymer samples were obtained. The sec-
ond database is an ATR-FTIR database of food packaging plastics created 
by Baskaran & Sathiavelu (2020), from which 96 polymer samples were 
obtained. The two combined databases gave a total of 722 polymer 
samples. 

Similar to the Raman dataset, each polymer sample was labelled 
according to the ‘type’ and ‘weathering’. However, the ‘type’ label 
consists of 5 classes this time, where the PE class is further split into 
HDPE and LDPE because the distinction between both types of PE were 
identified in the FTIR databases. The dataset characteristics are sum-
marized in Table 2, while information related to sample and equipment 
is furnished in Table S5. 

2.3. Pre-processing 

As the dataset is built from separate databases, it contains a variety of 
spectral range, each with different spectral resolutions. In order to use 
all the spectra in the database for the same deep learning model and 
minimize the impact of variation in spectral data, a variable-length 
spectral mapping (VLSM) algorithm is proposed. The algorithm maps 
each spectral data into a 1D array of 4000 numbers, representing a unit 
of Raman shift or wavenumber in cm− 1. Missing spectral information is 
replaced with a zero. This ensures that each spectral peak corresponding 
to specific chemical bond vibrational frequency will be at the same index 
in the input data, regardless of the raw spectral range. 

The VLSM algorithm consists of three main steps. Firstly, interpola-
tion is applied to resize the data. Secondly, the data is pre-processed 
with standard normal variate, asymmetric square baseline correction 
and Savitzky-Golay smoothing (window size 9 and third order poly-
nomial), to remove noise from the spectral data (Wang et al., 2020) and 
background fluorescence in the Raman spectrum (Dong et al., 2020). 
Lastly, the data is mapped into an empty 1D array of size 4000. The 
dataset was then randomly split into a ratio of 75: 15: 10 (training, 
evaluation, testing). Since the test set is 10% of the total dataset, a 
10-fold cross validation was performed. Furthermore, for each fold, each 
neural network was trained for a total of 10 runs to ensure reliability of 
the results. Out of the 10 runs in each fold, the model that performed the 
best on the validation set was chosen for evaluating the test set. 

2.4. Evaluation 

A confusion matrix for the test dataset was used to evaluate the 
model performances, normalized with respect to the total number of 
samples in each class. From the confusion matrix, the overall accuracy, 
and precision and recall (Eq. 1) for each plastic type could be deter-
mined. Precision is the proportion of all positive predictions that are 
correct, which gives an indication of the potential contamination level 
for the recyclable plastics after classification. Recall is the proportion of 
all actual positive that are correctly identified, which gives an indication 
of how much of each of the recyclable plastics can be recovered. 

Accuracy =
TP + TN

TP + TN + FP + FN  

Precision =
TP

TP + FP  

Recall =
TP

TP + FN
(1)  

where TP = True Positive, TN = True Negative, FP = False Positive, FN 
= False Negative. 

The evaluation metrics of accuracy, precision and recall are then 
averaged over the 10 folds to give a more generalizable result. 

3. Results and discussion 

This section will discuss the results from the use of various neural 
network architecture for chemometric analysis of the Raman and FTIR 
datasets. For all neural network architectures, a rectified linear (ReLu) 
activation function was used, while the output layer contains a softmax 
classifier. The weight of the neurons in the network was initialized with 
the Xavier initialization. The loss function used was the mean squared 
error. The models were trained with an Adam optimizer with a learning 
rate of 0.001 for 50 epochs. The workflow is implemented using the 
Python PyTorch library on an Intel(R) Xeon(R) CPU E5-2690 (8 Cores, 
32GB RAM) with a Nvidia Titan Xp graphics card (1GB RAM), which 
took between 15 and 30 s for training of a model and 1–2.5 ms for 
inference of one set of data. 

3.1. Effects of preprocessing 

Preliminary experiments were conducted to investigate the effect of 
preprocessing on model performance, summarized in Table 3. To eval-
uate the effectiveness of the mapping step, a control experiment was also 
performed to exclude the mapping step during preprocessing. The con-
trol experiment performed significantly worse than all other methods of 
preprocessing, which points to the importance of the mapping step to 
handle spectral data of different spectral ranges. Without the mapping 
step, the dataset requires translational invariance. This explains the poor 
accuracy of ~0.4 for the CoordConv models since elements of trans-
lational invariance are removed during the learning process. 

Applying interpolation followed by noise removal gave the better 
accuracy than the converse in all cases. This process flow helps to 
smoothen out any noise that may have been generated during the 
interpolation step. In the case of Raman spectra, bicubic interpolation 
gave better results, while bilinear interpolation gave better results for 
FTIR. However, the accuracies across both cases were largely compa-
rable, which suggests that the type of interpolation applied in the VLSM 
algorithm did not affect the result significantly. For standardization 
purpose, bilinear interpolation algorithm was chosen for all spectral 
data. 

3.2. Quantitative analysis 

The results of the selected experimental runs of PSDN with Raman 
and FTIR spectra are summarized in Table 4. Since the focus of the 
classification task is sorting out the recyclables that are most commonly 
found at material recovery facilities from waste at general recycling 
collection points, the precision and recall metrics are presented as 
weighted average of the recyclable classes (PE, PET and PP), rather than 
the entire dataset. The full results are presented in Table S6. 

Overall, the PSDN model performed better than the E2E models, with 
the best performing models being the ResNet-Inception Net model for 
Raman with an accuracy of 0.949, and CoordConv-Inception Net model 
for FTIR with an accuracy of 0.967. The relative performance of the 
PSDN models to the E2E models is evaluated by taking the average of the 
difference between each of the five model in the second node with and 
without the first node. Utilizing the PSDN models gave a pronounced 
effect in terms of precision and recall. The precision in the PSDN models 

Table 2 
FTIR dataset characteristics. The number of weathered samples in each database 
is indicated in parentheses.  

Database Wavenumber 
(cm− 1) 

Labels Total 
HDPE LDPE PET PP Others 

Open 
Specy 

400/675 – 
4000 cm− 1 

147 
(68) 

12 146 
(73) 

10 311 626 

Baskaran 650 – 4000 
cm− 1 

0 29 
(10) 

21 
(5) 

37 
(5) 

9 96 

Total  147 
(68) 

41 
(10) 

167 
(78) 

47 
(5) 

320 722  
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improved by 0.017 – 0.032 for Raman and 0.004 – 0.012 for FTIR, while 
the recall dropped by − 0.007 – − 0.025 for Raman and − 0.003 – − 0.021 
for FTIR. The tree like structure in the PSDN offers two points for 
rejection of non-recyclable plastic. This could result in lower contami-
nation of recyclable plastic, but also increasing the likelihood of a 
recyclable plastic being classified as ‘others’, hence reducing the re-
covery of recyclable plastic. In the context of the plastic recycling in-
dustry, blending of different polymers could adversely affect the quality 
of recycled plastic (La Mantia et al., 2017), which points towards PSDN 
as the better approach due to the improved precision. 

For the end-to-end (E2E) approach, the CNN-based models per-
formed better than ANN across all three metrics of accuracy, precision 
and recall. Since CNNs are composed of both convolutional and fully- 
connected layers, there is a fusing of classification and feature extrac-
tion operations, hence improving the model performance (Kiranyaz 
et al., 2021). Comparing the four different CNN architectures, Inception 
Net consistently performs the best, with an average overall accuracy of 
0.941 for Raman spectra and 0.964 for FTIR spectra. This is consistent 
with a previous study which found that Inception Net model performs 
better than other CNN models on four different near-infrared spectro-
scopic datasets (Zhang et al., 2019). 

It is of interest to examine if the better performance of PSDN over 
E2E networks could be due to different model architectures picking up 
slightly different features in the dataset. To test this theory, an ensemble 
network was built using the five E2E models. The output of the ensemble 
network was determined either through voting, or by taking the ma-
jority output from the individual models. 

The last row of Table 4 summarizes the results of the ensemble 
network. Comparing the voting ensemble to the best performing E2E 
model of inception net, the overall model performance is similar, but 
there is a slightly higher precision and slightly lower recall. This sup-
ports the earlier theory that each of the networks is able to learn 

different features from the dataset. 
Across the board, models built using FTIR spectra performed better 

than models built using Raman spectra. Furthermore, despite the ’PE’ 
class being split into ’HDPE’ and ’LDPE’ for the FTIR dataset, there was 
no misclassification between HDPE and LDPE samples (Figure S1). This 
shows that the side chains CH3 symmetric bend at ~1375 cm− 1 that is 
present at higher intensity in the FTIR spectra of LDPE as compared to 
HDPE due to higher side chain branching (Jung et al., 2018) (high-
lighted in a red box in Fig. 4) could be detected using chemometric 
techniques, allowing for differentiation between HDPE and LDPE. The 
relatively poorer performance of the model built with Raman spectra 
could be due to the presence of weathered microplastics in the Raman 
dataset (Table S4), which tends to be characterized by strong back-
ground fluorescence in the spectrum caused by surface contamination 
(Dong et al., 2020). Even after baseline correction during the pre-
processing stage, there could be some unintentional features that do not 
represent the polymer. This will be further discussed in the subsequent 
qualitative analysis section. 

3.3. Qualitative analysis 

The average spectra from the FTIR and Raman dataset used in this 
paper is displayed in Fig. 4 as the orange dotted line, with a reference 
virgin sample from the NIST spectral database as a solid blue line. All the 
spectra were passed through the variable length spectral mapping al-
gorithm. The indicative main peaks for each polymer and their corre-
sponding functional groups are presented in Table S7. 

The average FTIR spectra largely resembles the virgin sample for the 
PET samples, with the exception of peaks below 500 cm− 1 which were 
out of range in the FTIR dataset. For the polyolefins, some differences 
were observed, namely the presence of regions of overlapping peaks 
from 1000 to 1250 cm− 1 and in the carbonyl region (1600–1800 cm− 1). 

Table 3 
Effects of preprocessing on accuracy of E2E models built with Raman and FTIR spectra. Reported results represent the mean and standard variation across 10-folds.  

Spectra Preprocessing E2E model accuracy 
ANN CNN CoordConv ResNet Inception Net 

Raman Bilinear Interpolation – Noise Removal - Mapping 0.901 ± 0.033 0.936 ± 0.026 0.923 ± 0.021 0.930 ± 0.030 0.941 ± 0.028 
Bicubic Interpolation – Noise Removal - Mapping 0.907 ± 0.050 0.936 ± 0.036 0.924 ± 0.032 0.936 ± 0.035 0.943 ± 0.019 
Noise Removal – Bilinear Interpolation – Mapping 0.896 ± 0.037 0.911 ± 0.030 0.919 ± 0.031 0.924 ± 0.028 0.934 ± 0.028 
(Control) Bilinear Interpolation – Noise Removal 0.589 ± 0.051 0.509 ± 0.094 0.410 ± 0.108 0.514 ± 0.117 0.513 ± 0.081 

FTIR Bilinear Interpolation – Noise Removal - Mapping 0.947 ± 0.031 0.954 ± 0.015 0.961 ± 0.017 0.956 ± 0.026 0.964 ± 0.021 
Bicubic Interpolation – Noise Removal - Mapping 0.951 ± 0.016 0.947 ± 0.016 0.956 ± 0.02 0.956 ± 0.034 0.958 ± 0.021 
Noise Removal – Bilinear Interpolation – Mapping 0.932 ± 0.029 0.929 ± 0.051 0.935 ± 0.06 0.951 ± 0.034 0.958 ± 0.014 
(Control) Bilinear Interpolation – Noise Removal 0.663 ± 0.071 0.642 ± 0.179 0.412 ± 0.209 0.649 ± 0.167 0.64 ± 0.189  

Table 4 
Average accuracy, precision and recall from 10-fold cross validation with Raman and FTIR spectra. Reported results represent the mean and standard variation across 
10-folds.  

Node 1 Node 2 Raman FTIR 
Accuracy Precision Recall Accuracy Precision Recall 

CoordConv ANN 0.920 ± 0.024 0.921 ± 0.057 0.882 ± 0.075 0.951 ± 0.023 0.941 ± 0.123 0.953 ± 0.115 
CNN 0.939 ± 0.026 0.939 ± 0.009 0.918 ± 0.059 0.960 ± 0.018 0.950 ± 0.074 0.956 ± 0.053 
CoordConv 0.934 ± 0.023 0.933 ± 0.069 0.922 ± 0.086 0.964 ± 0.015 0.957 ± 0.065 0.956 ± 0.085 
ResNet 0.929 ± 0.026 0.947 ± 0.022 0.897 ± 0.049 0.961 ± 0.025 0.958 ± 0.067 0.952 ± 0.157 
Inception Net 0.941 ± 0.028 0.950 ± 0.010 0.920 ± 0.041 0.967 ± 0.019 0.956 ± 0.065 0.970 ± 0.081 

ResNet ANN 0.929 ± 0.029 0.934 ± 0.070 0.893 ± 0.054 0.956 ± 0.016 0.955 ± 0.103 0.948 ± 0.114 
CNN 0.947 ± 0.023 0.949 ± 0.015 0.930 ± 0.009 0.960 ± 0.010 0.949 ± 0.106 0.957 ± 0.046 
CoordConv 0.943 ± 0.023 0.936 ± 0.052 0.935 ± 0.032 0.963 ± 0.013 0.959 ± 0.052 0.953 ± 0.084 
ResNet 0.937 ± 0.026 0.947 ± 0.068 0.913 ± 0.047 0.960 ± 0.024 0.961 ± 0.070 0.947 ± 0.150 
Inception Net 0.949 ± 0.026 0.955 ± 0.029 0.935 ± 0.052 0.964 ± 0.015 0.954 ± 0.095 0.971 ± 0.047 

NA (E2E) ANN 0.901 ± 0.033 0.872 ± 0.041 0.905 ± 0.057 0.947 ± 0.031 0.930 ± 0.180 0.958 ± 0.122 
CNN 0.936 ± 0.026 0.922 ± 0.010 0.935 ± 0.026 0.954 ± 0.015 0.938 ± 0.131 0.961 ± 0.051 
CoordConv 0.923 ± 0.021 0.898 ± 0.039 0.940 ± 0.051 0.961 ± 0.017 0.951 ± 0.076 0.959 ± 0.086 
ResNet 0.930 ± 0.030 0.934 ± 0.052 0.917 ± 0.071 0.956 ± 0.026 0.950 ± 0.073 0.952 ± 0.157 
Inception Net 0.941 ± 0.028 0.934 ± 0.052 0.942 ± 0.076 0.964 ± 0.021 0.947 ± 0.094 0.979 ± 0.058 

Voting Ensemble 0.940 ± 0.025 0.936 ± 0.028 0.941 ± 0.054 0.965 ± 0.020 0.952 ± 0.083 0.973 ± 0.071  
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Fig. 4. Comparison of average A) FTIR and B) Raman spectra of polymers in the dataset to virgin polymer. Red box highlights CH3 symmetric bend at ~1375 cm− 1 

that is present in higher intensity in the FTIR spectra of LDPE compared to HDPE. 
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A zoomed in portion of the FTIR spectrum is presented in Figure S2. 
These differences could be indicative of the presence of weathered 
polymers within the dataset and are consistent with previous spectro-
scopic investigation studies (Hamzah et al., 2018; Zvekic et al., 2022). 
The region from 1000 to 1250 cm− 1 are formed from overlapping bands 
of C-O bonds in ether and ester groups. The region in the range of 1600 
cm–1800 cm− 1 are composed of overlapping carbonyl peaks 
(1700–1800 cm− 1) and vinyl C=C stretch (1600–1670 cm− 1), both 
which are known to form during weathering. Ketone and aliphatic esters 
are formed during photo-oxidation, while further photolysis of the ke-
tone group via a free radical process results in the formation of vinyl 
group. This is further supported by the peak in the range of 800–900 
cm− 1, which corresponds to the C-H bend of the vinylidene H (Hamzah 
et al., 2018). Another possible contributing factor to the differences in 
virgin spectra and our spectra is the presence of additives, such as an-
tioxidants which are known to show a peak at 1744 cm− 1 (Zheng et al., 
2020). 

On the other hand, the average Raman spectra differ significantly 
from the virgin sample. This is largely due to background fluorescence, 
which could completely obscure the characteristic peaks in some in-
stances. Colored additives, weathering or contaminants can all 
contribute to the fluorescence phenomenon (Dong et al., 2020), which 
would not be present in colorless virgin polymer pellets. Hence, there 
are greater variations within the polymer Raman spectral dataset, which 
likely contributed towards the poorer performance relative to FTIR 
spectral dataset. 

It is of interest to qualitatively examine the spectra of polymers that 
were misclassified to determine possible explanation for the mis-
classifications. This could serve to inform the construction of dataset 
used for training of future deep learning models. In this case, only false 
positive misclassifications are flagged, since they are more of a concern 
in terms of contamination of recyclable plastic. Table 5 summarizes the 
main misclassifications that were observed for the best performing 
model with both Raman and FTIR dataset, namely the ResNet-Inception 
Net PSDN and CoordConv-Inception Net PSDN respectively. 

A large majority of the false positive errors are misclassifications as 
polyolefins (PE and PP), likely due to similar spectral peaks relating to 
the CH2 present in the carbon backbones of the polymers. This occurs 
despite the presence of many other spectral peaks in the misclassified 
polymers that would not be typically present in polyolefins sample. This 
suggests a very high weightage being assigned to the region of IR and 
Raman spectra associated with CH2 symmetric stretch (2920 – 2935 

cm− 1) and CH2 asymmetric stretch (2840 – 2860 cm− 1) towards positive 
prediction of polyolefins. One possible method to reduce such false 
positive error is the use of attention mechanism within the deep learning 
architecture, allowing the model to selectively focus on important parts 
of the spectral data. 

3.4. Differentiating weathering and unaged 

After sorting of polymers into their respective classes, it is important 
to differentiate between weathered and unaged polymer samples such 
that high quality polymers can be isolated for recycling purposes, to 
maintain the quality of plastic recyclate. Deep learning was explored as a 
tool for further sorting of the polymers, using the five neural network 
architectures previously used to classify polymer by resin type. Each 
neural network was only trained on one type of polymer spectral data in 
a 90:10 ratio (training, testing) with 10-fold cross validation. Due to the 
small sample size of weathered LDPE and PP polymers (10 and 5 
respectively) in the FTIR database, there will not be a good enough 
representation of weathered samples in the test sets for all 10-folds, 
hence they have been removed from this experiment. The results are 
summarized in Table 6. 

On the whole, FTIR spectra appears to be more promising for sepa-
rating weathered and unaged polymer samples. Interestingly, it can be 
observed that ANN generally outperforms the other CNN architecture 
for this classification task, which is the reverse of earlier experiments for 
classification by resin types. 

In the Raman dataset, the best performing polymers are PE and PP 
with accuracies of 0.866 and 0.845 respectively. From the Raman 
spectra in Fig. 5, it can be observed that weathered polyolefins samples 
shown a broad peak at around 2200 cm− 1, while the peaks in the 
fingerprint region between 0 and 1500 cm− 1 are generally of a lower 
intensity than the weathered counterpart. However, both weathered and 
unaged PET Raman spectra are very similar, which explains the poor 
accuracy of 0.621. 

For the FTIR dataset, LDPE and PP polymers were removed from the 
study. Due to the small sample size of weathered LDPE and PP polymers 
(10 and 5 respectively), there will not be a good enough representation 
of weathered samples in the test sets for all 10-folds. The two remaining 
polymers, HDPE and PET achieved food results with accuracies of 0.954 
and 0.906 respectively. The FTIR spectra in Fig. 5 shows clear 

Table 5 
Main misclassified polymers from the IR and Raman polymer dataset.  

Polymer Misclassification Spectra Possible explanation 

PE PP Raman CH2 asymmetric and symmetric 
stretch of PE and PP lies in 
similar region 

PP PE Raman 

Polystyrene PE 
PP 

IR, 
Raman 
IR 

CH2 asymmetric and symmetric 
stretch of polystyrene lies in 
similar region as that of PE and 
PP 

Methacrylate PE 
PET 

IR 
Raman 

C=O stretch in ester bond of 
methacrylate lies in similar 
region to that of PET. 
CH2 asymmetric and symmetric 
stretch of methacrylate lies in 
similar region as that of PE 

Ethylene vinyl 
acetate 

PE IR, 
Raman 

CH2 asymmetric and symmetric 
stretch of ethylene part of 
polymer lies in similar region as 
that of PE 

Phenoxy resin PET IR C-O stretch of phenoxy lies in 
similar region as that of PET 

Cotton/ 
Cellulose 

PE, PP Raman CH2 asymmetric and symmetric 
stretch of in carbon backbone 
lies in similar region as that of PE  

Table 6 
Average accuracy of classifying unaged and weathered polymer samples with 
Raman and FTIR spectra. Reported results represent the mean and standard 
variation across 10-folds. LDPE and PP were excluded from FTIR results due to 
insufficient weathered sample size.  

Spectra Model Polymer 
HDPE LDPE PP PET 

Raman ANN 0.866 ± 0.075 0.845 ± 
0.109 

0.621 ± 
0.185 

CNN 0.818 ± 0.084 0.728 ±
0.117 

0.597 ±
0.115 

CoordConv 0.744 ± 0.082 0.606 ±
0.122 

0.547 ±
0.064 

ResNet 0.776 ± 0.077 0.719 ±
0.166 

0.589 ±
0.140 

Inception 
Net 

0.853 ± 0.087 0.749 ±
0.109 

0.565 ±
0.097 

FTIR ANN 0.919 ±
0.055 

- - 0.906 ± 
0.049 

CNN 0.938 ±
0.041 

- - 0.861 ±
0.051 

CoordConv 0.921 ±
0.036 

- - 0.851 ±
0.069 

ResNet 0.946 ±
0.038 

- - 0.883 ±
0.064 

Inception 
Net 

0.954 ± 
0.034 

- - 0.898 ±
0.057  
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differences in spectral features for the weathered HDPE and PET sam-
ples. A large majority of HDPE and PET data used in the FTIR dataset 
was from Chabuka & Kalivas (2020), which used lab-based techniques to 
simulate environmental weathering. The high accuracies also suggest 
that spectra from simulated weathered polymer samples may be a good 
representation of naturally weathered samples. 

4. Conclusion 

In conclusion, this work has demonstrated a deep learning method-
ology to effectively sort recyclable plastics from a wide range of over 20 
different polymers based on FTIR and Raman spectral data obtained 
from various sources, achieving an accuracy of 0.967 for FTIR spectra 
and 0.949 for Raman spectra. Our PolymerSpectraDecisionNet gave 
higher precision than an end-to-end neural network architecture, 

potentially resulting in less contamination in the sorted plastic stream. 
Once the polymers have been sorted into their individual classes, a 
further neural network can be employed to identify weathered polymer 
samples that could compromise the quality of the plastic recyclate. 
Preliminary results were encouraging, as HDPE and PET weathered 
polymer samples could be differentiated from unaged samples based on 
the FTIR spectra with an accuracy of 0.954 and 0.906 respectively. This 
work represents a deeper exploration of using chemometrics for sorting 
of more diverse plastic samples as compared to the literature. Industri-
ally, this can be applied at material recovery facilities for household 
wastes, to sort recyclable polymers into higher purity streams as 
compared to current physical, optical or even state-of-the-art NIR based 
sorting methods. Future work can be done to continue building on 
existing polymer spectral databases. This includes the building up 
Raman data for both HDPE and LDPE, having larger sample sizes of 

Fig. 5. Comparison of average unaged and weathered polymer samples for A) FTIR and B) Raman spectra.  
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other types of less common polymers, having a mix of unaged and 
weathered polymer samples and expanding the database with LIBS data 
as well. This would allow further exploration of deep learning tech-
niques in sorting out weathered polymer samples from going into 
recycling, which would contribute towards circularity in the plastic 
industry. 
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