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Analysis of nori impurities based on near-infrared hyperspectral imaging
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ABSTRACT: Objective To investigate a detection method based on near-infrared hyperspectral imaging combined
with decision tree algorithm and minimum noise fraction transform (MNF). Methods Hyperspectral images of
seaweed samples containing impurities were acquired using a GaiaSorter-N17E system (spectral range: 900-1700 nm).
Following radiometric calibration, MNF was applied for dimensionality reduction and noise removal to extract feature
bands. Subsequently, a decision tree classification model was constructed for impurity identification. Results Significant
spectral differences were observed among different impurities in the near-infrared region. The first several MNF
bands contained the main information and effectively highlighted impurity characteristics. The decision tree model
clearly distinguished seaweed from sand, wood, charcoal and plastic rope, demonstrating excellent performance in
identifying fine plastic rope. The method achieved a high overall classification accuracy of 92.8% and a fast

processing speed of approximately 1.6 s per image without requiring extensive training samples. Conclusion This

Isis HHEA: 2026-03-19

EEUWH: HEHREFILE T H (32202144)

F—1EE: FMQ005—), B, FLEHF I E AP S5KN . E-mail: 2306010108@st.btbu.edu.cn
BIEEE: IMF(1976—), L&, 1L, RIEER, FEMS T &5 5K . E-mail: smexh123@163.com



5154 B, SR TIRLANRCIE AR BRI B A T b 109

method provides effective technical support for automated impurity detection in seaweed and holds significant

potential for application in food industry quality monitoring.

KEY WORDS: near-infrared hyperspectral imaging; nori; minimum noise fraction transform; decision tree

classification
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Table 2 Comparison of recognition performance of different classification methods
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