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Abstract: In this study, soil pH was taken as the research object, using general back propagation ( BP) neural net-
work model, resilient back propagation with backiracking (RPROP-WB) neural network model, resilient back propagation
without backtracking (RPROP-OB) neural network model and smallest absolute gradient resilient back propagation ( SAG-
RPROP) neural network model for predicting and mapping soil pH in Anhui province, and the root mean square error
(RMSE) , mean absolute error (MAE) and coefficient of determination (R*) were used as evaluation criteria to compare the

prediction ability of three improved neural network models and the general BP neural network model for soil pH. The results

showed that: the fitting ability of the four neural network
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models in the study area from high to low was: SAG-

RPROP > RPROP-WB > RPROP-OB >BP. It can be seen

R IR AT (Y412201431) from the training set that the prediction accuracy of the
TEBRN T E2(1993 -) , B, TRGHE A B 0F 5t 4, NS RPROP-WB and RPROP-OB models was consistent with
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R? was 0.07 higher than the other three models. For the verification set, the prediction ability was as follows: SAG-RPROP>
RPROP-WB>RPROP-OB>BP. The SAG-RPROP model had the highest prediction accuracy and generalization ability, and
RMSE , MAE and R* were 0.67, 0.50 and 0.59. The results of spatial prediction showed that the spatial distribution of soil pH

in Anhui province was similar in the four models, all of which showed the trend of “Southern acid North Base”. The general

BP neural network had lower discrimination for soil pH prediction. The soil pH in the southern part of Anhui province was
concentrated between 5.57 and 6.50. The prediction maps obtained by RPROP-WB, RPROP-OB and SAG-RPROP models

were more obvious. In summary, RPROP and its improved algorithms can effectively predict soil properties, and the accuracy

is higher than the general BP neural network model.
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Table 1 Statistical characteristics of soil pH in Anhui province
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Table 2 Accuracy comparison based on different neural network

models
HRR IESE
LAY
MAE RMSE R? MAE RMSE
BP 0.57 0.72 0.62 0.64 0.83
RPROP-WB 0.57 0.71 0.62 0.60 0.78
RPROP-OB 0.57 0.72 0.62 0.63 0.82
SAG-RPROP 0.52 0.65 0.69 0.50 0.67
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AL 108 8.67 4.58 6.41 1.16 18.10
IESE 32 8.51 4.68 6.25 1.17 18.72
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Fig.2 Spatial distribution of the measurements and predictions for soil pH properties in Anhui province
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