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Pesticide Residue Detection in Broccoli Based on Hyperspectral
Technology and Convolutional Neural Network

WANG Dan', LUAN Yugqing', TAN Zuojun®’, WEI Wei*’

(1.College of Informatics, Huazhong Agricultural University, Wuhan 430070, China;
2.College of Engineering, Huazhong Agricultural University, Wuhan 430070, China)

Abstract: The detection of pesticide residues in agricultural products is an important step in ensuring the food safety of
agricultural products, while traditional detection methods are cumbersome and costly. Using broccoli as a sample, this
article used hyperspectral technology combined with machine learning algorithms and deep learning algorithms to provide a
simple, fast, low-cost, and non-destructive method for detecting pesticide residues in broccoli. The study collected
hyperspectral images in 400~1000 nm of broccoli samples sprayed with different types of pesticides and clean water. Two
data preprocessing methods, namely multivariate scattering correction (MSC) and Savitzky-Golay smoothing (SG
smoothing), as well as principal component analysis (PCA), competitive adaptive reweighted sampling (CARS), and
successive projection algorithm (SPA) were used to reduce the dimensionality. A support vector machine (SVM)
recognition model was established for pesticide residue discrimination. The SVM-SG-SPA combination has the best

discrimination effect, with recognition accuracy of 92.86%, 94.29%, 91.43%, and 92.86% for high-efficiency cypermethrin,
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chlorpyrifos, imidacloprid, and water, respectively. A one-dimensional convolutional neural network (1D-CNN) model was
established using raw spectral data, which achieved recognition accuracy of 94.29%, 95.71%, 94.29%, and 97.14% for
high-efficiency cypermethrin, chlorpyrifos, imidacloprid, and water, all of which were higher than the SVM model. The

results indicated that the combination of hyperspectral imaging technology and deep learning algorithms as 1D-CNN not

only simplified the recognition process of pesticide residues in broccoli, but also improved recognition efficiency and

accuracy.

Key words: hyperspectral technology; broccoli; identification of pesticide residues; convolutional neural network
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Table 4 Overall accuracies of the various prediction algorithms
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Fig.8 Distribution visualization of pesticide residues
in broccoli
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