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A Deep Learning Method for Hyperspectral Detection of Heavy Metal
Contaminants in Soil Based on Attention Mechanism
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Abstract: Hyperspectral imaging and deep learning techniques provide new methods and tools for detecting
soil contaminants. This study explores a convolutional neural network (CNN)-based algorithm for the
detection of hyperspectral soil contaminants. First, a hyperspectral soil dataset containing multiple spectral
bands was collected, and data analysis and feature extraction were performed. Subsequently, a CNN
architecture adapted to the characteristics of hyperspectral soil data was designed. A self-attention mechanism
was introduced to automatically reduce the dimensionality of redundant spectral data, and a feature fusion
structure using graph features was employed for feature extraction. Finally, the performance of the algorithm
was validated using a collected soil contaminant dataset. The experimental results demonstrate that the
proposed method effectively reduces the dimensionality of hyperspectral data, decreases data redundancy, and
achieves good performance and accuracy in soil contaminant detection by incorporating graph features. This
method is of practical significance for the rapid detection of soil contaminants.
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Fig.1 Schematic diagram of hyperspectral image data
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Fig.2 Attention module for hyperspectral data
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Fig.3 Soil heavy metal classification model for hyperspectral data
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Table 1 Heavy metal content in soil

mg/kg
Category Content 1 Content2 Content3 Content4 Content 5
Cu 70 150 250 500 1000
Cd 3 6 12 25 50
Cr 60 120 250 500
Hg 10 20 40 80
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Fig.4 Soil sample preparation process
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Fig.5 Hyperspectral reflectance curves of 70mg/kg Cu soil
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Table 2 The detection results of the test set

Content Data Correctly False

Type Label

/(mg/kg)  quantity detection  detection

61-68 5 Cu-1 5 0

133-138 5 Cu-2 5 0

Cu  242-247 5 Cu-3 5 0

481-495 5 Cu-4 5 0

977-993 5 Cu-5 5 0

1-3 5 Cd-1 4 1

4-5 5 Cd-2 4 1

Cd 8-11 5 Cd-3 5 0

18-24 5 Cd-4 5 0

42-47 5 Cd-5 5 0

45-58 5 Cr-1 5 0

107-118 5 Cr-2 5 0

Cr

221-247 5 Cr-3 5 0

477-495 5 Cr-4 5 0

7-9 5 Hg-1 4 1

Hg 14-19 5 Hg-2 5 0

31-38 5 Hg-3 5 0

62-79 5 Hg-4 5 0
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Fig.6 Model training process
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