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Plastic Identification Using NIR Spectral Analysis
and KNN Model with Correlation Feature Selection
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School of Engineering
University of Kent
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Abstract—The increasing demand for high-purity post-
consumer plastics for recycling highlights the importance of
efficient material identification. Near-Infrared (NIR)
spectroscopy is widely used to capture unique spectral
fingerprints of materials for identification purposes. However,
developing efficient and lightweight machine learning models
with NIR spectral data for accurate and real-time classification
of plastic materials is still in high demand. This paper presents
a new hybrid approach combining the k-nearest neighbours
(KNN) model with the filter-based correlation feature selection
(CFS) technique for plastic identification. Experiments were
conducted to test six key recyclable plastic polymers consisting
of Polyethylene Terephthalate (PET), High-Density
Polyethylene (HDPE), Low-Density Polyethylene (LDPE),
Polyvinyl Chloride (PVC), Polypropylene (PP), and Polystyrene
(PS). Feature selection techniques - CFS and principal
component analysis (PCA) are applied to extract the essential
discriminative features of each type of plastic. With the
extracted features, KNN and support vector machine (SVM)
models are developed respectively for plastic identification.
Experimental results demonstrate that the CFS-KNN model
achieves a success rate of 100% with a computational time of
40ms under laboratory conditions, outperforming the PCA-
SVM, PCA-KNN and CFS-SVM models in terms of accuracy
and computational efficiency.

Keywords— Plastic Polymers Recycling, Near-Infrared (NIR),
Correlation Feature Selection (CFS), Principal Component
Analysis (PCA), K-nearest Neighbors (KNN), Support Vector
Machine (SVM)

1. INTRODUCTION

Solid waste management is a growing global issue, with
over 2 billion tons of municipal solid waste generated
annually, projected to reach 3.4 billion tons by 2050 [1] [2].
Only 13.5% of waste is recycled [3], highlighting the
inefficiency of the current recycling systems. Plastic solid
waste poses a significant environmental concern as it is non-
biodegradable, leading to severe harm to both land and water
ecosystems. Sorting methods in material recovery facilities,
whether manual or automated, are costly, slow, and unreliable
in identifying valuable recyclables like PET, HDPE, and PP.
Using inferior raw materials in recycling poses risks and
inefficiencies [4] [5]. Developing an efficient identification
system tailored for recycling facilities is essential for
delivering high-quality secondary plastics, enabling effective
recycling, and addressing the global plastic waste crisis.

A range of sensing technologies, including Raman [6] and
NIR spectroscopy [7], hyperspectral imaging [8], computer
vision [9], and ultrasonic sensors [10] have been applied for
material identification. However, Raman spectroscopy
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struggles with poor efficiency and alloy detection. Computer
vision relies on image features, limiting its effectiveness for
plastic polymer identification. Ultrasonic sensors face
challenges in detecting plastic polymers due to negligible
differences in the acoustic impedance of polymers.
Hyperspectral imaging and NIR spectroscopy offer spectral
information for analysing molecular structures, making them
a versatile, efficient tool for identifying diverse materials,
including plastic polymers [11].

Different machine learning models have been employed
along with NIR technology to enhance the accuracy of
material identification. In line with that initiative, Tehrani and
Karbasia [12] proposed a three-layer Artificial Neural
Networks (ANN) model with four hidden neurons to analyse
the hyperspectral data captured from a NIR hyperspectral
camera to discriminate only three electronic waste plastics —
Polycarbonate (PC), Acrylonitrile Butadiene Styrene (ABS),
and High Impact Polystyrene (HIPS) with almost 99%
accuracy. Maliks and Kadik [13] developed a plastic
classification system using NIR spectroscopy (900-1700 nm)
and a simplified Convolutional Neural Networks (CNN)
model with PCA achieving 98.4% accuracy in identifying
only four plastic polymers: PET, HDPE, LDPE, and PP. Zhu
et al. [14] utilized NIR reflectance spectroscopy combined
with an SVM model and PCA to classify six municipal and
industrial plastics polymers: PP, PS, polyethylene (PE),
polymethyl methacrylate (PMMA), ABS, and PET achieving
an accuracy of 97.5%. Moirogiorgou et al. [15] evaluated
SVM and KNN models using PCA-extracted NIR features to
separate plastic materials including PET, HDPE, PP, PE-film
from non-plastic materials such as aluminium, and paper. The
study found KNN to be faster and achieved an accuracy of
91.34% compared to SVM with 63.97%. However, the
research was limited to binary classification, segregating
plastics from other materials. Kumar et al. [16] combined
PCA with the Spectral Angle Mapper (SAM) algorithm to
process NIR data, achieving 97.5% in accuracy for identifying
five common plastic polymers: PET, HDPE, PS, PP, and
PVC. Cesetti et al. [17] utilized a hyperspectral camera in the
NIR range (1100-2500 nm) with the Indices-Definition model
and Correlation Matrix feature selection to classify waste
materials, including plastics, wood, stone, laminate, and glass.
While introducing filter-based feature selection, the study [17]
did not specify the types of plastics tested nor report the
model’s accuracy. Overall, in the existing research, deep
learning models such as CNN achieves high accuracy but are
computationally expensive, while classical models such as
SVM and KNN combining PCA extracted features achieves
comparable accuracy only for the classification of limited
types of municipal plastic materials. Though PCA is



commonly applied for feature selection, the comparison with
other techniques, like filter-based methods, for the application
of plastic identification remains underexplored.

This paper proposes a novel hybrid approach combining
the KNN model with the filter-based CFS technique for the
multi-class identification of plastic materials. Experimental
tests were conducted to identify six key recyclable plastic
polymers consisting of PET, HDPE, LDPE, PVC, PP and PS.
Feature selection techniques - CFS and PCA are applied to
extract the relevant features of each type of plastic.
Accordingly, KNN and SVM models are developed to utilise
the extracted features for plastic identification. Performance
comparisons among hybrid models PCA-SVM, PCA-KNN,
CFS-SVM and CFS-KNN were undertaken to evaluate the
accuracy and computational time of these models.

II. METHODOLOGY

A. Plastic Identification Strategy

The proposed plastic identification strategy shown in Fig.1
consists of a sensing unit, a data processing unit, and an
identification unit. The sensing unit incorporates the NIR
reflectance measurement setup, which includes key
components such as a light source, a spectrometer, and an
optical reflectance probe. The spectra of materials captured in
the sensing unit are pre-processed in the processing unit. The
chemometric techniques including standard normal variate
(SNV), polynomial fitting and Savitzky—Golay are used for
pre-processing data to remove additive noise and align data
classes to similar spectral responses. The CFS feature
selection technique is adopted to extract useful features to
facilitate classification. The machine learning models, such as
KNN, implemented in the identification unit classifies
materials into different polymer types.
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Fig. 1. Principle of plastic identification strategy

B. Near-Infrared Sensing Principle

This study employs the NIR spectroscopic sensing
operated within the wavelength range of 900nm to 1700nm.
The interaction of NIR light with polymer samples induces
molecular vibrations, primarily comprising overtones and
combination bands of hydrogen bonds (C-H, O-H, and N-H),
which are used to identify different plastic polymers [18].
Among the NIR spectroscopy sampling techniques -
transmission, attenuated total reflection, specular reflection,
and diffuse reflectance, diffuse reflectance is most suitable for
non-contact acquisition of the spectral signatures of plastic
materials [19]. The operating principle of the NIR diffuse
reflectance spectroscopy is based on the Beer-Lambert Law
[18] which stipulates that the intensity of reflected NIR
radiation depends on the amount of light absorbed by a
material which is directly related to the light path length and
the molecular concentration of the sample. The Beer-Lambert
Law is described as:

A =log,, (i—:) =¢lc )

where, 4 is absorbance, [y is intensity of incident light, /; is
intensity of transmitted light, / is the thickness of sample or
light path length, ¢ is concentration of chemical compound in
the sample, while ¢ is the molar absorptivity of material.

C. Feature Selection

Feature selection algorithms are categorized into filter,
wrapper, and embedded approaches [20]. The filter-based
approach does not overfit and is not computationally
expensive compared to the wrapper and embedded
approaches. This research explores the filter-based feature
selection approach - Correlation Feature Selection (CFS) and
compares it with PCA.

1) Correlation Feature Selection (CFS): CFS is
considered a scaled version of covariance due to the
implementation of normalization to select features. CFS
computes correlation coefficients to determine relationships
among features and their relevance to the target variable. This
helps maximize relevance while minimizing redundancy
between features. The correlation coefficients are calculated
using Pearson’s correlation coefficient. The feature-class
correlation 7, and feature-feature correlation ry computed
using Pearson's correlation coefficient are described as:

rop = 2?:1(fi—f) i-y) 2)
N

SPjea(Fi=FD) (Fj=F))
Trr = = =
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where f; and f; are feature values, y is target values, while f
and y are the mean values of the feature and target values
respectively. The CFS uses heuristic search to determine the
optimal relevance-to-redundancy ratio before terminating the
feature selection process. The heuristic evaluation function
calculates the merit of a subset of features that are highly
correlated with the target and minimally correlated with other
features. The CFS heuristic merit function is represented as:

. krcr
Merit, = ——<L 4)
/k+k(k—1)w
where, k represents the chosen numbers of features subset,
T¢r is the average feature-class correlation, while 77+ denotes
the average feature-feature correlation.

2) Principal Component Analysis (PCA): PCA is a
dimension reduction technique used to decompose a dataset
to new orthogonal components that explain the maximum
variance in the dataset. PCA uses unsupervised linear
technique to transform data into a new set of variables called
principal components that capture maximum variance in the
original data. The principal components retain the features
that have the most impact on the target variable. The central
idea behind PCA is to determine the principal components
that retain maximum variation in data, thereby reducing the
dimensionality of a dataset. The principal components of
PCA are derived by solving the eigenvalue equation for the
covariance matrix:

3)

Yv=Av (5

where A represents the eigenvalue describing explained
variance by principal components, and v is the eigenvector
that determines the direction of principal components.



D. Machine Learning Models

1) k-Nearest Neighbours (KNN): KNN is one of the
simplest and most popular non-parametric machine-learning
algorithms used for classification tasks involving small
datasets. KNN uses the proximity of new data among data
groups to make classification. KNN classifies data samples
according to the majority of class in the dataset which is
closest to the data point using the K nearest neighbours
algorithm [21]. The neighbours of an unknown sample are
the samples having the lowest Euclidean norms. The
Euclidean norm is estimated by calculating the Euclidean
distance using equation below:

d(p,q) = 2i=.1(qi — p)? (6)

where the Euclidean distance d is calculated between two
points (p, ¢) in Euclidean n-space. ¢; and p; are the Euclidean
vectors between two points.

2)Support Vector Machine (SVM): SVM algorithm aims
to draw a line/ hyperplane between different data classes. The
central idea behind SVM is to find the ideal hyperplane
separating the support vectors with maximum margin. The
support vectors which is a key term in SVM are data points
in each group of data closest to the line. The concept of
kernels is introduced when SVM constructs hyperplanes for
non-linearly separable complex data [22]. Once the ideal line
is drawn, it can then be used to classify new data. The basic
equation for the hyperplane is described as:

Wox, + Wix, +b =0 (7

where x; and x; are the data inputs, WO) and Wl) are the weight
support vectors, and b is the bias. The margin that separates
data sets is defined as:

2

where ||W]| is the normalized weight vectors (WE and W;).
SVM constrained optimization problem SVM (O) is then
solved to get maximum margin M using the equation
described as:

. 1
SVM (0) = min,, , 5 IW|? 9)

where ||W|| is being minimised with respect to w and b to
ensure maximum margin for a robust classier.

1. EXPERIMENTATION

A. Experimental Setup

The proposed material identification system illustrated in
Fig. 2 (a) and (b) uses an Ocean Optics NIRQuest512-1.7
spectrometer to capture spectral data of materials. The fibre
optic modular spectrometer is based on high sensitive Indium
Gallium Arsenide (InGaAs) array detector with 512 pixels.
The NIRQ512 spectrometer has an integration time of 1ms to
120s for high-performance spectroscopic measurements in the
900 - 1700nm wavelength region with a spectral resolution of
approximately 2 nm. The NIR spectrometer and accessories
including a halogen light source and optical reflection probe
are setup in the diffuse reflectance mode to capture spectral
data. An X-Y Linear actuator based test rig is developed to
move the NIR probe to different positions to effectively

sample various materials on the test area of 44cm by 44cm.
The NIR probe can be moved in step size of 0.8cm/step on
both on the X-axis and Y-axis by the programmed X-Y linear
actuator.

Halogen Light Source Spectrometer
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Fig. 2. (a) Schematic of the experimental setup; (b) Test rig.

B. Materials

The representative samples used for the study consists of
different household plastic samples collected randomly from
various household waste bins. In total 244 samples of PET,
HDPE, PVC, LDPE, PP and PS were collected. The samples
distribution is tabulated in Table I. The samples consist of
different clear/ transparent, white and coloured materials.
However, samples of dark colours that contains carbon black
were not used due to non-detection in the NIR region.

TABLE L. MATERIAL SAMPLES

Sample Set of 6 Common Municipal Plastic Polymers
Type PET | HDPE | PVC | LDPE | PP | PS
No. of Samples 47 48 40 30 49 | 30

The plastic samples were prepared by removing
contamination labels, cutting and flattening the materials to
varying shapes with dimensions ranging from 10 cm? to 40
cm? to ensure more samples can fit in the detection platform
of the experimental setup. During experimental tests, a stable
environmental conditions are maintained. Ambient
fluorescent light was used, and temperature varied between 18
to 25°C for all experiments. The test surface where samples
are placed for spectral data capture was polished aluminium.
The probe-to-sample distance is very critical variable for the
experiment. So an approximate of Smm probe-to-sample
distance was maintained throughout the experiments to ensure
less noise in captured spectra and optimise spectral data
acquisition time.

C. Spectral Data Acquisition

Before spectral data acquisition, the NIR spectrometer was
calibrated accordingly. During measurements, the NIR
spectrometer was used to scan each material twice to account



for heterogeneity and the average of the two spectra recorded
as the reflectance spectrum for that sample. Fig. 3 shows the
captured NIR spectra of random polymer samples
representing each of the six polymers types being classified.
The different spectra has a unique spectral signature used to
identify each plastic material.
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Fig. 3. Raw Spectra of six polymer samples.

After spectral data acquisition, a dataset with a dimension of
“244 x 512” was developed for model training. Most of the
features (512 wavelength) are redundant and does not
contribute to the discrimination of samples. So feature
selection was adopted to reduce data dimension and facilitate
material identification. For the development and evaluation of
machine learning models, the collected dataset (244) was
divided into Dataset-1 and Dataset-2. Dataset-1 consists of
192 samples that were used to train and evaluate models. The
Dataset-2 contains 52 samples which were kept aside and used
to validate the models.

IV. RESULTS AND DISCUSSIONS

A. Data Pre-processing

NIR spectral data is normally influenced with undesired
scatter effects such as baseline shift and non-linearities.
However, by applying suitable pre-processing on data, these
effects can be eliminated prior to multivariate data analysis.
The captured raw spectral data of different PET samples is
shown in Fig. 4. Different colours represent different PET
samples with different reflectance intensities due to
differences in the physical attributes of materials.

&8 & 88 8

&
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Fig. 4. Un-Processed spectra of selected PET samples.

For this work, SNV normalization was used to correct any
intensity variations. Second order derivative (polynomial
fitting) was employed for baseline correction to eliminate the
effects of illumination intensity fluctuations and viewing
geometry, and Savitzky—Golay smoothing was used for noise
suppression. The final pre-processed spectra of selected
samples of PET shown in Fig. 5 have similar reflectance
intensity unlike the raw PET spectra in Fig. 4. Experiments
have demonstrated that Savitzky—Golay smoothing with
Standard Normal variate (SNV) preprocessing are superior to

other pre-processing functions [23]. The SNV transformation
is applied to each spectrum by centering the spectrum X
around the mean X and scaling using standard deviation oy.
The SNV transformation is calculated as:

X-X
Xony =— (10)

ox

Reflectance
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Fig. 5. Pre-Processed spectra of selected PET samples.

B. Feature Selection

PCA and CFS feature selection techniques were
implemented, and the effectiveness of each technique was
analyzed. Fig. 6 (a) visualizes the classification capability of
PCA using two principal components that capture 76% of
variance in the data. Similarly, Fig. 6 (b) shows that CFS can
reasonably classify data using only two key features.
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Fig. 6. Two-Dimensional plot of extracted features by (a) PCA and (b) CFS

To further assess the discrimination ability of the extracted
features of PCA and CFS, the features are plotted graphically
to visualise any discrepancy among data classes. Fig. 7 shows
the PCA graphical plot of PET and LDPE using 10 principal
components that capture 99% of data variance. However, the
PCA-transformed data for PET and LDPE reveals sinusoidal
waveforms with phase shift. The phase shift in PCA features
may affect classification accuracy for similar polymers.
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Fig. 7. Extracted feature spectra of (a) PET and (b) LDPE using PCA

For CFS, Fig. 8 shows that the selected features are non-
sinusoidal waves with minimal phase shifts and greater
uniformity among data classes compared to PCA. However,
unlike PCA, CFS clearly shows in Fig. 8 that the selected
features of CFS have potential for efficient classification of
plastic materials. The spectral pattern of LDPE is quite
distinct from that of PET for discrimination purposes.
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It can also be observed in Fig. 8 that CFS features have
dominant absorbance peaks for plastic discrimination within
NIR wavelengths of 1150-1250 nm, 1350-1450 nm, and
1650-1750 nm, which is associated with the overtones and
combination bands of C-H, O-H, and N-H bonds [24].

C. Evaluation of hybrid models

1) PCA-SVM Model: For the PCA-SVM model, the PCA
algorithm utilised 10 principal components to realise a
reduced dataset with 99% variance. Grid Search was used to
tune the critical hyperparameters (gamma and C) in the
Support Vector Machine (SVM) model to realise the best
model. The SVM model utilised “rbf” kernel, gamma
="0.013", C=10 to achieve best accuracy of 63.46%. PCA-
SVM model performed below expectation when tested for

the LDPE polymers may be dominated with significant phase
shifts, leading to the poor classification accuracy. Table II
shows that PS identification result is also poor with 50%
recall. From the confusion matrix in Fig. 9, out of the 6 PS
samples, only 3 were correctly identified, while the remaining
3 were identified as PET. PET with a precision of 67% means
that only 6 samples were correctly identified while 3 PS were
wrongly predicted as PET.

2) PCA-KNN Model: PCA feature reduction approach
was applied to KNN model and prediction accuracy of
53.85% was achieved with an average computational time of
61ms. Looking closely at the classifcation report of PCA-
KNN model in Table III, the model was not able to detect any
LDPE samples. Observing the confusion metrix in Fig. 10,
out of the 7 LDPE, 6 samples were wrongly detected as PP,
while 1 LDPE was misclassified as PS. The result for PS is
also poor, with a recall of 33%, indicating that only 2 out of
6 PS samples were correctly identified. PP also achieved a
low precision of 36% with only 5 PP samples correctly
identified, while 1 PS, 6 LDPE, and 2 HDPE samples were
wrongly predicted as PP.

generalization capability to predict materials that are not yet TABLEIIL. ~ CLASSIFCATION REPORT OF PCA-KNN MODEL
seen by the mode.l. The average computatlopal time a.lchleved Samples Total Precision | Recall | Fl-
was 80ms. Classifcation report and C(?IlfUSIOI’I matrix of the samples | (%) (%) Score
models are presented below for analysis of results. (%)
PET 11 67 55 60
TABLE II. CLASSIFCATION REPORT OF PCA-SVM MODEL HDPE 10 88 70 78
<. PVC 8 62 100 76
Samples Total Precision | Recall | F1- LDPE 7 0 0 0
samples | (%) (%) Score PP 10 36 50 42
(%) PS 6 29 33 31
PET 11 67 55 60 Average Accuracy 54
HDPE 10 70 70 70 PCA-SVM Average computational time 61ms
PVC 8 89 100 94
LDPE 7 0 0 0 8
PP 10 60 90 72 I - 1 0 0 0
PS 6 38 50 43 ’
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Fig. 9. Confusion Matrix for PCA -SVM model

From the classification report in Table II, majority of the
error is associated with the identification of LDPE. No single
LDPE was identified as shown in the Confusion Matrix of
Fig. 9. Rather, 2 HDPE, 4 PP and 1 PS samples were wrongly
identified as LDPE. This error is attributed to the adoption of
the PCA feature extraction technique, which transforms data
into a new set of variables called principal components. As
already analysed in section IV.B, the principal components of
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Fig. 11. Confusion Matrix for CFS -SVM model



3) CFS-SVM Model: The CFS approach was also applied
to SVM to evaluate the performance of hybrid model. The
confusion matrix in Fig. 11 shows the perfect prediction
power of the CFS-SVM model which achieves a
identification accuracy of 100%, with average computational
time of 45ms.

4) CFS-KNN Model: Implementing the CFS-KNN
hybrid model for deployment purposes, 40 best features were
selected by the CFS. The KNN critical hyperparameter “k”
was set to 1, and the hybrid CFS-KNN model achieved an
exceptional identification accuracy of 100% with an average
computational time of 40ms which is less than other models.
The results solidifies the fact that the filter-based CFS is a
robust feature selection technique for simplifying machine
learning models and enhancing prediction accuracy.

V. CONCLUSION

With NIR spectroscopic sensing technique, this paper
presents a new hybrid approach combining the KNN model
with the correlation feature selection (CFS) technique for
multi-class segregation of plastic materials. Experiments
have been conducted to test six municipal polymers (PET,
HDPE, PVC, LDPE, PP and PS). Results have suggested that
the widely used PCA-SVM model achieves accuracy of
63.46% for identification of new and unknown polymers that
have not been seen by the model, while the PCA-KNN model
produces accuracy of 53.85%. By applying the selected
features of CFS, the performance of SVM and KNN has been
improved to 100% accuracy. This paper has demonstrated
that the filter-based CFS feature selection algorithm provides
more clarity for the identification and discrimination of
different plastic materials. In terms of computational time, the
CFS-KNN achieves 40ms which is less than the models of
PCA-SVM, PCA-KNN and CFS-SVM. This high-
performing, cost-effective CFS-KINN model paired with NIR
spectroscopy offers a reliable solution for identifying
valuable plastics in municipal waste, ensuring high-quality
secondary raw materials for recycling. Future work will focus
on identifying aged or damaged materials, as well as those
contaminated with labels or food residues, using the
developed models to provide a more practical solution.
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