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Research and Application of Near-infrared Spectroscopy Technology in
Classification Methods of Commonly Used Packaging Materials
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ABSTRACT: The work aims to explore the potential of using near-infrared spectroscopy to classify common packaging
materials. First, a NIR spectrometer was used to collect spectral data from 11 commonly used packaging materials,
including PBS, HDPE, LDPE, LLDPE, PP, PS, POE, PPC, PBAT, PLA, and a blend of PGA+PBAT. The spectral data was
then preprocessed using three techniques: Moving Average (MA), Standard Normal Variate (SNV) transformation, and
Multiplicative Scatter Correction (MSC). Four pattern recognition methods, Support Vector Machine (SVM), K-Nearest
Neighbor (KNN), Decision Tree, and Random Forest were utilized to develop qualitative discrimination models. Finally,
the prediction performance of the models was compared based on evaluation metrics and confusion matrices. The
combination of SNV preprocessing with the KNN algorithm yielded the best classification performance, achieving an
accuracy of 97.03%. It is concluded that NIR spectroscopy provides a convenient, fast, and non-destructive method for
plastic identification, which is advantageous for plastic recycling and reuse. The results indicate good application
prospects for this method in sustainable material management.
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Fig.1 Near-infrared spectroscopy acquisition platform
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Tab.1 Performance of classification model for prediction set samples

Y b 175 1 HER R /% /% A 11 3/% Fy 43 5(x100)
SNV 99.27 99.36 99.27 99.27
SVM MSC 90.85 90.91 90.91 90.18
MA 61.82 44.82 61.82 50.55
SNV 100 100 100 100
KNN MSC 91.15 91.27 91.18 91
MA 52.06 31.91 52.09 38.64
SNV 9.09 0.82 9.09 1.55
Decision Tree MSC 77.39 79.18 77.36 77.64
MA 47.21 33.55 47.18 36.09
SNV 9.09 0.82 9.09 1.55
Random Forest MSC 83.76 85.27 83.73 84
MA 59.21 43.64 59.27 48.36
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Fig.2 Average near-infrared spectrum of plastics
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Fig.6 Confusion matrix for external validation set
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Tab.2 Performance of classification model on validation set samples

st Thh # 5 % HET R/ % TR 1% 114 /% Fi 208 (x100)

SVM SNV 87.27 84.91 87.36 84.36

KNN SNV 97.03 97.36 97 97.09
Decision Tree MSC 54.48 48.36 53.91 50.09
Random Forest MSC 61.70 53.18 61.73 55.91
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