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ABSTRACT: The identification and sorting of different types of plastic waste are of great significance for improving
the efficiency and quality of recycling, which in turn avoids plastic waste pollution, reduces greenhouse gas emissions,
and saves production resources. The existing identification method based on spectral analysis faces the problems of
complex spectral processing, high data computation, and a slow prediction speed of the prediction model, which in
turn leads to low identification efficiency. To solve these problems, a rapid plastic waste type identification method
using the valley-side slope of the near-infrared spectrum was developed. Three wavelengths at the left side, center,
and right side of the valley and their corresponding spectral reflectance were used to calculate the left and right
valley-side slopes, respectively, to construct a valley-side slope feature. Based on the constructed valley-side slope
feature, identification models realizing two-category, three-category, four-category, five-category, six-category, and
seven-category identification modes were established using the Classification and Regression Tree (CART) algorithm.
The ten-fold cross-validation results showed that the identification accuracies of the above identification modes
reached 98.4%–100%, and the prediction speeds reached 31000–39000 observations/second. The proposed method
can simplify spectral data processing, reduce model complexity, and improve prediction speed, while ensuring high
identification accuracy.

KEYWORDS: plastic waste, rapid type identification, near-infrared spectrum, valley-side slope, classification and
regression tree

INTRODUCTION

Plastic products have been widely used due to their
light weight, excellent chemical stability, low cost, and
other significant advantages, but at the same time,
a large amount of plastic waste has been generated,
causing substantial environmental challenges [1, 2].
According to data released by the United Nations En-
vironment Programme, more than 430 million tons
of plastics are produced annually worldwide, and the
cumulative global plastic production is expected to
reach 34 billion tons by 2050. According to a report
by the United Nations International Atomic Energy
Agency in 2024, approximately 70% of all plastics
produced end up as plastic waste, and only 9% of
the plastic waste is recycled. Plastic waste that is
not recycled is burned, deposited in landfills, or leaks
into the natural environment. The leakage of plastic
waste into the natural environment can lead to reduced
stability of soil ecosystems, enrichment of microplastics
in aquatic organisms, and the release of harmful gases
and greenhouse gases under conditions of light and
high temperatures, harming human health and affect-
ing climate change [3, 4]. In addition, the production
of virgin plastics, including the sourcing and refining of
raw materials, as well as the synthesis and processing
of plastics, results in substantial greenhouse gas emis-
sions, thereby contributing to climate change [5, 6].
As a result, plastic waste appears in the list of the top

10 most dangerous waste items worldwide [7]. Recy-
cling of plastic waste can not only prevent the leakage
of plastic waste into the natural environment, but
also reduce the production of virgin plastics, thereby
reducing environmental pollution, decreasing green-
house gas emissions, and saving production resources
[8, 9]. The United Nations and many other countries
have made significant efforts in plastic waste recycling
[10–12].

Plastic waste usually contains different types of
plastics with different chemical compositions and phys-
ical properties, and mixing different plastics together
during recycling will reduce the quality and prop-
erties of the recycled product; therefore, the most
important step in the plastic recycling process is the
identification and sorting of different types of plastics
[13, 14]. The commonly used plastic identification and
sorting methods include flotation sorting, electrostatic
sorting, wind sorting, chemical analysis, and spectral
analysis [15, 16]. Spectral analysis has the advan-
tages of being non-destructive, accurate, fast, and
automated [17, 18], studies have been carried out on
the identification of plastic waste using near-infrared
spectroscopy [19–22]. In the existing conventional
spectral analysis of the plastic type, a spectrometer is
first used to acquire spectral data, and then algorithms
are usually employed for feature wavelength selection
or data dimensionality reduction. Finally, based on the
features selected in the previous step, a plastic type
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identification model is established using a machine
learning identification algorithm. Although the identi-
fication accuracy of the conventional spectral analysis
has reached 97%–100%, the following problems still
exist: (1) a sufficient number of feature wavelengths
(typically nearly 10 or more) need to be retained
to ensure identification accuracy; (2) although the
feature wavelengths can be reduced to less than 10
through dimensionality reduction (such as Principal
Component Analysis, PCA), the data processing re-
mains complex. Additionally, the number and posi-
tions of feature wavelengths are related to the positions
of the maxima and minima of the principal component
loadings, and the determination of these maxima and
minima is susceptible to subjective factors; (3) in or-
der to achieve satisfactory identification results, espe-
cially for multi-category identification, complex iden-
tification algorithms (such as Support Vector Machine
(SVM), Convolutional Neural Network (CNN), Artifi-
cial Neural Network (ANN), etc.) or a combination of
the complex identification algorithms are required for
model establishment. These problems lead to complex
spectral processing, high data computation, and a slow
prediction speed of the established model, which in
turn affects the efficiency of industrial production.

Based on the above problems, this paper proposes
a rapid type identification method for plastic waste
based on the valley-side slope of the near-infrared spec-
trum. This method uses only three fixed feature wave-
lengths and their corresponding spectral reflectance
to construct the identification feature and allows the
establishment of an identification model using a simple
identification algorithm, thus reducing the complexity
of the data processing and identification model and
improving the prediction speed of the model.

MATERIALS AND METHODS

Experimental system

As shown in Fig. S1, the experimental system mainly
consists of four parts: light source, spectrometer,
fiber optic probe, and computer. A tungsten halo-
gen lamp with a wavelength range of 360–2400 nm
(HL-2000, Ocean Optics, Inc., Shanghai, China) was
used as the light source. A fiber-optic spectrom-
eter (NIRQUEST512-2.5, Ocean Optics Inc.) with
an InGaAs linear array detector was used to record
the reflectance spectrum. The wavelength range of
the spectrometer was 900–2500 nm with an optical
resolution of 2.8 nm FWHM. A 400-µm diameter in-
tegrated reflectance probe (QR400-7-VIS-NIR, Ocean
Optics Inc.) was used to conduct the source light to the
sample for irradiation while simultaneously coupling
the reflected light to the fiber-optic spectrometer. The
probe was designed as a 6-around-1 fiber bundle with
six fibers connected to the light source and a single
fiber connected to the fiber-optic spectrometer. The

computer (CPU: 12th Gen Intel(R) Core (TM) i7-12700
2.10 GHz, RAM: 16.0 GB, Dell Inc., Shanghai, China)
obtained the spectral data from the fiber-optic spec-
trometer and performed the valley-side slope feature
calculation and plastic type identification.

Materials and spectrum acquisition

The experimental samples were plastic waste pro-
vided by Hefei Taiho Intelligent Technology Group Co.,
Ltd., Hefei, China, including seven commonly used
plastics, namely Polyethylene Terephthalate (PET),
Polyethylene (PE), High-Density Polyethylene (HDPE),
Polypropylene (PP), Polystyrene (PS), Polyvinyl Chlo-
ride (PVC), and Acrylonitrile Butadiene Styrene (ABS).
The samples have been cleaned and shredded into ir-
regularly shaped fragments measuring approximately
3 cm×3 cm, and the thicknesses of the samples ranged
from 0.2 mm to 1.5 mm. The samples cover five colors
(white, transparent, green, blue, and yellow) in total,
with each type of sample containing a subset of these
colors. Each type of plastic comprises 45 samples. Four
spectra were measured at four different positions on
each sample, resulting in 180 spectra for each plastic
type. The color and thickness of the corresponding
samples were recorded for each spectrum. A total
of 1260 spectra were obtained for the seven types of
plastics. The average spectrum for each type of plastic
is shown in Fig. 1a.

Feature construction method

Owing to the different elemental and molecular com-
positions of different types of plastics, there are dif-
ferences in the number, position, width, and rela-
tive intensity of the valleys in the near-infrared spec-
trum [23], as shown in Fig. 1a. Therefore, valley in-
formation can be used for plastic identification. Thus,
in this study, a feature construction method using the
valley-side slope is proposed for the type identification
of plastics. As shown in Fig. 1b, for each valley, three
wavelengths at the left side, center, and right side of the
valley, which are respectively named left wavelength
(λl), center wavelength (λc), and right wavelength
(λr), are selected. As shown in Eqs. (1)–(3), the
three wavelengths λl , λc , λr and their corresponding
reflectance (Rl , Rc , and Rr) are employed to calculate
the left valley-side slope (SL) and the right valley-
side slope (SR). Finally, valley-side slope feature F is
constructed.

SL =
Rc −Rl

λc −λl
(1)

SR =
Rr −Rc

λr −λc
(2)

F = [SL , SR] (3)
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Fig. 1 (a) Average spectra of PET, PE, HDPE, PP, PS, PVC, and ABS plastics; (b) The three wavelengths and the corresponding
reflectance at a certain valley.

RESULTS AND DISCUSSION

Valley-side slope feature construction and
selection

Owing to the wide application and high recycling value
of PET plastic [24], valleys were selected based on
the criterion of distinguishing PET from other types
of plastic. Six valleys were selected and analyzed,
and the selected wavelengths at the six valleys were
(1196 nm, 1215 nm, 1231 nm), (1385 nm, 1391 nm,
1401 nm), (1652 nm, 1659 nm, 1668 nm), (1713 nm,
1719 nm, 1725 nm), (2116 nm, 2129 nm, 2145 nm),
and (2279 nm, 2292 nm, 2304 nm). Each spectrum
had six valley-side slope features, namely F1, F2, F3,
F4, F5, and F6. As there were 180 spectra for PET,
PE, HDPE, PP, PS, PVC, and ABS plastics, each type of
plastic possessed 180 F1 features, as well as 180 F2, F3,
F4, F5, and F6 features; the average values of each fea-
ture are shown in Table 1. The spectrometer-measured
spectrum in this study, from which the above wave-
lengths were selected, was not preprocessed (such
as smoothing), because, in practical applications, the
three selected wavelengths used for the calculation of
a valley-side slope feature will be measured by three
filter-equipped single-point detectors, rather than be-
ing selected from the spectrometer-measured spec-
trum, and no spectral preprocessing is required for
the three discrete wavelengths. Therefore, in order
to keep consistent with the practical applications, the
spectrometer-measured spectrum in this study was not
preprocessed.

To determine the most effective valley-side slope
feature, a scatterplot analysis was performed for F1, F2,
F3, F4, F5 and F6. Fifty-four F1 features were randomly
selected for each type of plastic, and there were 378
F1 features in total for the seven types of plastic. An
axis-centered scatter plot of these 378 F1 features was

drawn (Fig. 2a), with SL as the horizontal coordinate,
SR as the vertical coordinate, and the coordinate origin
at the center of the graph. Similarly, axis-centered
scatter plots were drawn for F2, F3, F4, F5, and F6
(Fig. 2b–f). It can be seen from Fig. 2a that the F1
features of the seven types of plastics clustered sepa-
rately according to the type of plastic, with no overlap
between different types. As for F2, F3, F4, F5, and
F6, there were different degrees of overlap between
different types of plastics, leading to the inability to
distinguish certain plastic types. Therefore, F1 was
selected as the feature for plastic type dentification.

Color and thickness influence on the valley-side
slope feature

The influence of the color and thickness of the plastic
on the valley-side slope feature was analyzed. To
analyze the influence of color, 20 spectra and their
corresponding F1 features were randomly selected for
transparent, blue, and green PET plastic with a thick-
ness of 0.2 mm. The spectra of the transparent, blue,
and green PET plastics are shown in Fig. 3a, from
which the spectra of the three different color PET
plastics have the same shape and differ only in the
magnitude of spectral reflectance. Furthermore, the F1
feature was analyzed with an axis-centered scatter plot
(Fig. 3c), and the 20 F1 features were still clustered
together and did not overlap with those of other types
of plastics, so they could still be distinguished from the
F1 features of other plastic types. The influence of color
was also analyzed for other types of plastics. The re-
sults indicate that color does not affect the clustering of
the valley-side slope feature F1 and, therefore, does not
affect identification. It should be noted that the near-
infrared spectroscopy cannot be used to identify dark-
colored plastics, such as black plastics, because most of
the light is absorbed and little light is reflected, making
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Table 1 Valley-side slope features of seven types of plastics. Six valleys were selected and analyzed, and each spectrum had
six valley-side slope features: F1, F2, F3, F4, F5, and F6. As there were 180 spectra for PET, PE, HDPE, PP, PS, PVC, and ABS
plastics, each type of plastic possessed 180 F1 features, as well as 180 F2, F3, F4, F5, and F6 features; the average values of
each feature are shown.

Plastic F1 F2 F3 F4 F5 F6
type

PET [0.0146, 0.0119] [−0.0156, 0.0118] [−0.2812, 0.1683] [0.1839, 0.2236] [−0.4065, 0.0880] [0.0657, −0.0331]
PE [−0.1595, 0.2778] [−0.1564, 0.0014] [0.0649, 0.0180] [−0.3771, −0.2215] [0.0406, −0.0108] [−0.1129, −0.0570]
HDPE [−0.2021, 0.1953] [−0.1471, −0.0210] [0.0718, 0.0527] [−0.3579, −0.2348] [0.0491, 0.0134] [−0.2881, −0.1504]
PP [0.0403, 0.2096] [−0.1236, 0.0585] [0.0844, 0.0354] [0.0067, 0.0787] [0.0080, −0.0358] [−0.0109, −0.0005]
PS [−0.0248, 0.0789] [−0.0433, 0.0052] [−0.1815, −0.3506] [0.3203, 0.3317] [−0.2991, −0.5771] [−0.3250, −0.2032]
PVC [0.1307, 0.1536] [−0.0756, −0.0033] [−0.0487, −0.1922] [0.0128, 0.6114] [−0.1034, −0.1005] [−0.4299, −0.1252]
ABS [0.0097, 0.0755] [−0.0368, −0.0008] [−0.1412, −0.1987] [0.2132, 0.2582] [−0.1773, −0.2414] [−0.1194, −0.0197]

it impossible to obtain effective spectral information.
The influence of the thickness was then analyzed.

Twenty spectra and their corresponding F1 features
were randomly selected for blue PET plastic with thick-
nesses of 0.2, 1.1, and 1.5 mm. The spectra of these
0.2, 1.1, and 1.5 mm blue PET plastics are shown
in Fig. 3b, from which the spectra of the three different
thickness blue PET plastics also have the same shape
and differ only in the magnitude of spectral reflectance.
Furthermore, the F1 feature was analyzed with an axis-
centered scatter plot (Fig. 3d), and the F1 features of
the PET plastics were still clustered together and did
not overlap with those of other types of plastics, so
they could still be distinguished from the F1 features
of other plastic types. The influence of thickness on
other types of plastics was also analyzed. The results
indicate that thickness does not affect the clustering of
the valley-side slope feature F1 and, therefore, does not
affect identification.

Model establishment and performance evaluation

The Classification and Regression Trees (CART) algo-
rithm is a basic classification and regression method,
and the basic principle is to establish a binary tree-
structured model by recursively dividing the training
dataset [25]. The classification process is interpretable
and easy to understand, and the training and clas-
sification of the model are simple and fast. Based
on the CART algorithm, six identification models that
realized the following six identification modes were
established: two-category (PET versus others), three-
category (PET, PE versus others), four-category (PET,
PE, HDPE versus others), five-category (PET, PE, HDPE,
PP versus others), six-category (PET, PE, HDPE, PP, PS
versus others), and seven-category (PET, PE, HDPE,
PP, PS, PVC, and ABS). As described in previously,
there were 180 F1 features for each type of plastic;
thus, there were 1260 F1 features in total. In each
model, Arabic numerals were used (1, 2,3, . . .) to label
the different categories of plastics. Subsequently, a
stratified sampling method was used to divide the 1260
F1 features into training set and testing set according
to a set ratio. Finally, the identification model based
on the CART algorithm (hereafter referred to as F1-

CART model) was trained using the training set and
evaluated using the testing set.

For comparison, using the modeling steps de-
scribed above, six identification models were also es-
tablished using the SVM algorithm with a Linear Kernel
(hereafter referred to as F1-SVM model). The SVM
algorithm is a widely used classification algorithm with
excellent performance [26]; however, its complexity is
higher than that of the CART algorithm.

Ten-fold cross-validation was performed for the
F1-CART models and F1-SVM models; the average
identification accuracy and average prediction speed
are listed in Table 2. Overall, both the F1-CART model
and the F1-SVM model demonstrated good accuracy in
the six identification modes, but the F1-CART model
was slightly better than the F1-SVM model. The accu-
racy of F1-CART model was 100% in the two-category,
three-category, and four-category identification modes,
while the accuracy of F1-SVM model reached 100%
only in the two-category and three-category identifi-
cation modes, with an accuracy of 99.6% in the four-
category identification mode. In the five-category, six-
category, and seven-category identification modes, the
accuracies of F1-CART model and F1-SVM model were
no less than 98.4%.

Regarding the prediction speed, which is described
by the number of samples that the model can pro-
cess and provide prediction results per second (ob-
servations per second, obs/s), the F1-CART model
significantly outperformed F1-SVM model. In the
two-category and three-category identification modes,
the two models possessed comparable prediction
speeds; however, in the four-category, five-category,
six-category, and seven-category identification modes,
the prediction speed of the F1-SVM model decreased
significantly as the number of categories increased,
with the prediction speed of the seven-category iden-
tification mode decreasing to 36.6% of the prediction
speed of the two-category identification mode. The F1-
CART model, on the other hand, showed only a slight
decrease in prediction speed, and the prediction speed
of the seven-category identification mode was still 80%
of that of the two-category identification mode, which
was 2 times faster than that of the F1-SVM model.
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Fig. 2 Axis-centered scatter plots of F1 (a), F2 (b), F3 (c), F4 (d), F5 (e), and F6 (f).

The above analysis shows that, using the valley-
side slope feature F1, the simple classification algo-
rithm CART can be used to establish the plastic iden-
tification model with high accuracy; its prediction

speed was significantly faster, and the identification
performance was slightly better than that of the model
established using the complex classification algorithm
SVM.
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Fig. 3 (a) Spectra of the transparent, blue, and green PET plastics with a thickness of 0.2 mm; (b) Spectra of the blue
PET plastics with thicknesses of 0.2, 1.1, and 1.5 mm; (c) Axis-centered scatter plot of the F1 features of the spectra of the
transparent, blue, and green PET plastics with a thickness of 0.2 mm; (d) Axis-centered scatter plot of the F1 features of the
blue PET plastics with thicknesses of 0.2, 1.1, and 1.5 mm.

Table 2 Average accuracies and prediction speed of the F1-CART and F1-SVM identification models. Using the F1 feature, the
F1-CART model and the F1-SVM model were established. Ten-fold cross-validation was performed for both models, and the
performance of the two types of models was analyzed.

Identification mode Average accuracy (%) Prediction speed (obs/s)

F1-CART F1-SVM F1-CART F1-SVM

two-category (PET versus others) 100 100 39000 41000
three-category (PET, PE versus others) 100 100 38000 36000
four-category (PET, PE, HDPE versus others) 100 99.6 37000 29000
five-category (PET, PE, HDPE, PP versus others) 99.3 99.3 34000 26000
six-category (PET, PE, HDPE, PP, PS versus others) 98.6 98.7 32000 19000
seven-category (PET, PE, HDPE, PP, PS, PVC, ABS) 98.4 98.4 31000 15000

Comparison with the conventional spectral
analysis method

To further verify the validity of the F1-CART model, it
was compared with the conventional spectral analysis
method, which includes spectral preprocessing, feature
wavelength selection, and model training steps.

Through appropriate spectral preprocessing, neg-
ative factors such as instrument noise, light scatter,
spectral data drift, as well as spectral interference can
be eliminated or reduced, thereby the performance
of the established model can be improved [27]. An
appropriate feature wavelength selection method can
effectively reduce the data dimensionality and reduce
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Table 3 Average accuracies and prediction speed of the SPA-CART, SPA-SVM, and F1-CART identification models. To further
verify the validity of the F1-CART model, it was compared with the conventional spectral analysis method, which includes
spectral preprocessing, feature wavelength selection, and model training steps.

Identification mode
Average accuracy (%) Prediction speed (obs/s)

SPA-CART SPA-SVM F1-CART SPA-CART SPA-SVM F1-CART

two-category (PET versus others) 99.8 100 100 46000 43000 39000
three-category (PET, PE versus others) 99.5 99.9 100 41000 32000 38000
four-category (PET, PE, HDPE versus others) 99.2 99.7 100 35000 18000 37000
five-category (PET, PE, HDPE, PP versus others) 99.0 99.6 99.3 29000 17000 34000
six-category (PET, PE, HDPE, PP, PS versus others) 98.7 99.3 98.6 17000 8100 32000
seven-category (PET, PE, HDPE, PP, PS, PVC, ABS) 98.5 99.1 98.4 9500 5600 31000

Table 4 Average accuracies and prediction speed of the PCA-CART, PCA-SVM, and F1-CART identification models. Using the
six feature wavelengths selected through PCA, the PCA-CART model and the PCA-SVM model were respectively established.
The performance of the models was compared with the F1-CART model.

Identification mode
Average accuracy (%) Prediction speed (obs/s)

PCA-CART PCA-SVM F1-CART PCA-CART PCA-SVM F1-CART

two-category (PET versus others) 99.9 99.9 100 45000 40000 39000
three-category (PET, PE versus others) 98.6 99.8 100 42000 28000 38000
four-category (PET, PE, HDPE versus others) 98.4 99.4 100 36000 21000 37000
five-category (PET, PE, HDPE, PP versus others) 98.0 98.9 99.3 28000 18000 34000
six-category (PET, PE, HDPE, PP, PS versus others) 97.6 98.1 98.6 16000 10000 32000
seven-category (PET, PE, HDPE, PP, PS, PVC, ABS) 97.3 97.9 98.4 11000 7000 31000

multi-collinearity, thus reducing the modeling com-
plicacy and improving the prediction accuracy and
efficiency [28]. Therefore, pre-experiments were con-
ducted to select appropriate spectral preprocessing
method and feature wavelength selection method.
Three preprocessing methods, Multiplicative Scatter
Correction (MSC), Savitzky-Golay (SG), and Standard
Normal Variate Transformation (SNV), were evalu-
ated, and four feature wavelength selection methods,
Successive Projections Algorithm (SPA), Genetic Al-
gorithm (GA), Variable Combination Population Anal-
ysis (VCPA), and Competitive Adaptive Reweighted
Sampling (CARS), were analyzed. The CART and
SVM algorithms were employed to establish models for
performance evaluation of the above methods.

After a comprehensive evaluation of accuracy and
prediction speed, the combination of SG and SNV
methods was selected for preprocessing of the full
spectrum, and the SPA method was selected for fea-

ture wavelength selection. The SG and SNV methods
were sequentially used for spectral preprocessing, and
then the SPA method was implemented for feature
wavelength selection. Eight feature wavelengths were
selected from the preprocessed full spectrum. Finally,
using the eight feature wavelengths, six identification
models (hereafter referred to as the SPA-CART model)
were established based on the CART algorithm, real-
izing six identification modes. For a more compre-
hensive comparative analysis, six identification models
based on the SVM algorithm (hereafter referred to as
the SPA-SVM model) were established using the same
modeling steps.

The ten-fold cross-validation results of the
SPA-CART models and SPA-SVM models are listed
in Table 3. The results indicated that the SPA-CART
model, although faster than the F1-CART model
in two-category and three-category modes, was
significantly slower than the F1-CART model in

Table 5 Average accuracies and prediction speed of the SPEM-CART, SPEM-SVM, and F1-CART identification models.

Identification mode
Average accuracy (%) Prediction speed (obs/s)

SPEM-CART SPEM-SVM F1-CART SPEM-CART SPEM-SVM F1-CART

two-category (PET versus others) 98.7 99.8 100 5500 2600 39000
three-category (PET, PE versus others) 98.3 99.2 100 5400 2300 38000
four-category (PET, PE, HDPE versus others) 97.8 98.9 100 4900 2100 37000
five-category (PET, PE, HDPE, PP versus others) 97.5 98.4 99.3 4600 1800 34000
six-category (PET, PE, HDPE, PP, PS versus others) 96.6 97.9 98.6 3300 1700 32000
seven-category (PET, PE, HDPE, PP, PS, PVC, ABS) 96.1 97.6 98.4 2100 1600 31000
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four-category, five-category, six-category, and seven-
category modes. Overall, the accuracy was lower than
that of the F1-CART model. Thus, the SPA-CART model
did not perform as well as the F1-CART model did.
For the SPA-SVM model, the identification accuracies
for the six identification modes were equivalent
to those of the F1-CART model, with accuracies in
the three-category and four-category modes slightly
lower than those of the F1-CART model, and the
accuracies in the five-category and six-category and
seven-category modes were slightly higher than those
of the F1-CART model. However, the prediction
speed of the SPA-SVM model was significantly lower
than that of the F1-CART model, with the prediction
speed of the SPA-SVM model being only 18% of that
of the F1-CART model in the seven-category mode.
Overall, the F1-CART model was able to achieve the
identification accuracy of the SPA-SVM model that was
established using the complex classification algorithm
SVM and eight feature wavelengths selected from the
preprocessed spectrum; however, the F1-CART model
possessed a significant advantage in the prediction
speed.

PCA is a classical method that is widely used
for data dimensionality reduction and feature extrac-
tion [29]. In contrast to SPA, GA, VCPA, and CARS,
the feature wavelength selection method based on
PCA takes the loadings of principal components as
the indication to guide the selection of feature wave-
lengths [30]. The F1-CART model was compared with
the model established using the feature wavelengths
selected based on PCA. The PCA results of the spectral
data showed that the cumulative contribution rate
of the first two principal components reaches 93.7%.
Therefore, the number of principal components is set
to 2. The loadings of the first two components were
then plotted against wavelengths, and six wavelengths
(1145 nm, 1212 nm, 1672 nm, 1732 nm, 1902 nm,
and 2157 nm) situated at the maxima or minima of
the plots were determined as feature wavelengths.
Using the six feature wavelengths selected from the
preprocessed full spectrum, identification models us-
ing CART algorithm (hereafter referred to as the PCA-
CART model) and SVM algorithm (hereafter referred
to as the PCA-SVM model) were respectively estab-
lished.

The ten-fold cross-validation results of the PCA-
CART models and the PCA-SVM models are listed
in Table 4. The results indicated that the accuracy
of the F1-CART model was better than those of the
PCA-CART model and PCA-SVM model. Regarding
prediction speed, despite being slightly faster than the
F1-CART model in certain modes (PCA-CART in two-
category and three-category modes, and PCA-SVM in
two-category mode), the PCA-CART model and PCA-
SVM model exhibited a significant decrease in pre-
diction speed as the number of categories increased,
which were notably lower than that of the F1-CART

model. In summary, the F1-CART model outperformed
both the PCA-CART model and PCA-SVM model in
terms of both accuracy and prediction speed.

Theoretically, the full spectrum contains more in-
formation; therefore, the identification model estab-
lished using the full spectrum (i.e., without feature
wavelength selection) may exhibit better performance,
but it must also be noted that the redundant infor-
mation in the full spectrum may also affect the iden-
tification performance. In this study, the spectrum
in the range of 900 nm to 2500 nm was acquired.
Because of the instability at both ends of the spectrum,
the spectra in the 900–1000 nm and 2400–2500 nm
bands were discarded, and the spectrum in the 1000–
2400 nm range was used as the full spectrum. Based
on the full spectrum preprocessed by the SG and
SNV methods, six identification models realizing six
identification modes were established using the CART
algorithm (hereafter referred to as the SPEM-CART
model), and similarly, six identification models were
also established using the SVM algorithm (hereafter
referred to as the SPEM-SVM model). The perfor-
mance of the models was compared with the F1-CART
model. The ten-fold cross-validation results of the
SPEM-CART models and SPEM-SVM models are listed
in Table 5. The results showed that the F1-CART model
outperformed the SPEM-CART model and SPEM-SVM
model in terms of the accuracy and prediction speed.
In particular, F1-CART model possessed a significant
advantage in terms of prediction speed.

CONCLUSION

A rapid type identification method for plastic waste
based on the valley-side slope of the near-infrared
spectrum was proposed. Compared with existing spec-
tral analysis methods, the valley-side slope feature of
the proposed method requires only three fixed feature
wavelengths and is computationally simple, thereby
reducing the complexity of spectral data processing.
Using the valley-side slope feature, identification mod-
els were established for six identification modes based
on the low-complexity CART algorithm, and the type
identification accuracies reached 98.4%–100%. Com-
pared with the more complex SPA-SVM model, which
demonstrated the best comprehensive performance in
terms of accuracy and prediction speed among all
models established based on the CART and SVM algo-
rithms using either the full spectrum or selected fea-
ture wavelengths, the F1-CART model demonstrated
equivalent identification accuracy, whereas the predic-
tion speed was significantly higher. Thus, the type
identification method proposed in this paper can not
only reduce the complexity of spectral data process-
ing but also allow the use of a simpler identification
algorithm for model establishment, which simplifies
the identification model and improves the prediction
speed. This study validates the effectiveness of the
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valley-side slope feature in the type identification of
plastic waste and provides theoretical and technical
support for the development of a simple and efficient
identification technique for plastic waste. In future
work, an identification system that can be applied to
industrial production will be developed using single-
point detectors to detect the three selected feature
wavelengths (i.e., 1196 nm, 1215 nm, and 1231 nm)
instead of detecting the full spectrum, and the identifi-
cation model will be optimized to further improve the
accuracy of the simultaneous identification of multiple
types of plastics.

Appendix A. Supplementary data

Supplementary data associated with this article can be found
at https://dx.doi.org/10.2306/scienceasia1513-1874.2026.
033.
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Appendix A. Supplementary data

Fig. S1 Schematic diagram of the plastic waste identification system using valley-side slope feature of the near-infrared
spectrum.
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