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Soil Bulk Density Detection System of Farmland Topsoil
Based on Raspberry Pi

LI Minzan REN Xinjian YANG Wei MENG Chao WANG Weichao

(Key Laboratory of Modern Precision Agriculture System Integration Research, Minisiry of Education

China Agricultural University, Beijing 100083, China)

Abstract ; The soil bulk density of the topsoil layer is an important parameter of farmland soil, and it is of
great significance to accurately measure and evaluate it. A vehicle-mounted surface soil bulk density
detection system based on Raspberry Pi was designed. The system took soil surface images and predicted
the surface soil bulk density using easily-obtained soil surface image features. Extracted the Tamura
texture feature of the image and the fractal dimension feature of the image. After verification, the
roughness, contrast, directionality, and fractal dimension features were highly correlated with soil bulk
density, and the correlation coefficients were —0.754, -0.799, -0.806, and -0.849. So these four
parameters were selected as the input of the prediction model. SVM regression model, GRNN regression
model and Bagging integration model based on SVM and GRNN were used to predict soil bulk density.
Based on the correlation analysis between the prediction results of the Bagging integration model of SVM
and GRNN and the results obtained by the ring knife method, R’ reached 0.864 1, and the average
absolute error (MAE) of the prediction results reached 0.031 6 g/cm’, and it had better prediction
results than a single SVM regression model and a single GRNN regression model. The field test was
carried out using the soil bulk density detection system of farmland topsoil based on Raspberry Pi. And
the results showed that the average absolute error (MAE) of the measurement was 0. 041 2 g/cm’, which
was in line with expectations and met the requirements of accurate and rapid detection.
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