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Figure 4 Schematic diagram of a method for the quantitative analysis of PAHs in water! **/
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Figure 5 Schematic diagram of the CARS-PLSR model for detecting phthalate levels in soil[50]
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Figure 7 Flowchart for the detection of 1-OHPyr in human urine using a SERS film based on liquid-liquid interface self-
assembly and deep learning'
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Research Progress on Intelligent Algorithms for the Detection of
Polycyclic Aromatic Hydrocarbons

Liu Yuanyuan'?

1. School of Information and Electronic Engineering, Shanggiu Institute of Technology, Shangqiu 476000
2. School of Physics and Electronic Engineering, Jiangsu Normal University, Xuzhou 221116

Polycyclic aromatic hydrocarbons (PAHs) are environmentally persistent, bioaccumulative, and
pose a potential carcinogenic risk. Therefore, the rapid and accurate detection of trace amounts of PAHs is of
great significance for environmental monitoring and risk assessment. Addressing issues such as peak overlap,
structural similarity, matrix interference, and signal fluctuations at low concentrations in the spectral detection
of PAHSs, this review summarizes research progress on intelligent algorithms for the classification and
identification of PAHs, concentration prediction, and the analysis of mixed components. This paper reviews
recent research advances in machine learning and deep learning for PAHs detection, analyzes the fundamental
differences among various algorithms in terms of learning mechanisms, data dependency, spectral specificity,
and cross-matrix generalization capabilities, and evaluates their impact on the accuracy, robustness, and field
applicability of intelligent PAHs detection. To further analyze the key bottlenecks and research pathways in
the intelligent detection of PAHs, providing guidance for algorithm selection and field applications. In the
future, we will strengthen efforts in building standardized datasets, cross-domain transfer, and research on
model applicability to improve the reliability, interpretability, and adaptability of intelligent PAHs detection in
complex scenarios.

Polycyclic aromatic hydrocarbons; Surface-enhanced Raman spectroscopy; Machine learning;
Deep learning
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