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Fig.1 Topography and distribution of sampling points in Yiyuan county, Shandong province
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Table 1 Environmental variables and data sources for the SOM prediction model
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Table 2 Descriptive statistics of SOM in Yiyuan county, Shandong province

e oM/ (g/kg) KA/ (g/ke) SFHIME/ (g/kg) brifEZE/ (g/kg) AR5 BB Y% () s 953
1565 2.0 51.1 15.62 7.45 47.70 0.53 -0.17
3 WWFREHHRE N SOM HEHR 5 RAR A&
Table 3 Classification standards for SOM indicators in cultivated land quality monitoring of Shandong province
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Table 4 Results of the MLR model and the GWR model for
SOM digital mapping

FEET RSS AlCc R Adjusted R
MLR 37 851.59 9319.46 0.38 0.32
GWR 29 578.75 8711.93 0.46 0.37

%5 MLR#Z 5 GWRERM[E T RE
Table 5 Regression coefficients of the MLR model and the

GWR model
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PR iz q S "
BME P RRE CFHE
R 7.29* -18.03 8.47 51.12 12.23*
MAT -1.65 -59.31 -0.84 21.06 -8.71*
MAE -1.56* -24.90 -2.68 13.62 -3.13*
ST 16.11* 10.06 15.01 22.00 15.13*
Clay —4.12% -10.61 -0.47 12.68 -0.46
Silt 0.57 -10.95 -2.68 13.46 -1.80
Sand 5.79* -16.09 -3.87 11.37 -3.93%
Slope 1.75 -15.59 -0.05 25.21 1.35
Profile 0.61 -22.67 -0.08 22.36 -1.18
SPI 2.80 -13.66 2.22 16.88 2.22
NDVI 1.95 -35.79 -1.73 26.47 -2.17
SAVI -1.30 -30.65 0.17 35.21 0.92
LU 3.88* -18.11 1.75 13.11 1.93
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Table 6 Accuracy comparison of SOM mapping models

il Pl A 78 OK MLR GWR RF GWRF
R 0.24 0.32 0.35 0.41 0.48
RMSE/(g/kg)  6.18 5.85 5.71 5.48 5.12
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Table 7 Significance test of prediction accuracy differences be-
tween GWRF and other models
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RMSE  -0.36 -5.56 19 <0.01
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Abstract: [Objective] Soil organic matter (SOM) is a fundamental indicator for evaluating soil fertility and soil quality. In mountainous
counties characterized by complex terrain and pronounced environmental heterogeneity, SOM exhibits strong spatial variability even
over short distances, which often results in limited prediction accuracy for conventional digital soil mapping (DSM) models. With the
nationwide implementation of the Third National Soil Census, the demand for high-resolution and high-accuracy SOM mapping at the
county scale has become increasingly urgent. Against this backdrop, Yiyuan county in Shandong province was selected as the study ar-
ea to assess the applicability of the geographically weighted random forest (GWRF) model in SOM mapping within complex terrain
regions. Furthermore, it sought to systematically compare the predictive performance of GWRF with several commonly used models,
thereby providing technical support for soil resource surveys, census result compilation, and county-level land management. [Meth-
ods] The dataset consisting of 1 565 measured topsoil SOM samples was utilized, along with nineteen environmental variables repre-
senting five categories: topography, climate, vegetation, soil properties, and land use. Through correlation analysis and collinearity di-
agnostics, twelve key variables were retained for model construction. The GWRF model, which integrates localized spatial modeling
with nonlinear machine-learning capability, was developed to generate high-resolution SOM predictions across the study area. An
adaptive bandwidth strategy was employed, and the optimal bandwidth of 500 was determined. Grid search combined with cross-vali-
dation was used to identify the optimal mtry value of 4 for the random forest component. In addition to GWREF, four reference models
were constructed for comparison: ordinary kriging (OK), multiple linear regression (MLR), geographically weighted regression
(GWR), and random forest (RF). Model performance was evaluated using two commonly adopted accuracy metrics: the coefficient of
determination (R*) and root-mean-square error (RMSE). [Results and Discussions] Overall, SOM levels in Yiyuan county were relative-
ly low, with a mean value of 15.62 g/kg. The spatial variation was moderate and exhibited a clear pattern: SOM values were higher in
the central area and lower in the northeastern and southwestern areas. Considerable differences were observed in prediction accuracy
among the five models. The GWRF model achieved the best overall performance, with an R* of 0.48 and an RMSE of 5.12 g/kg. This
accuracy clearly surpassed that of RF (R’=0.41) and GWR (R’=0.35), and its advantage over MLR and OK was even more pro-
nounced. A paired-sample t-test further confirmed that the accuracy improvements of GWRF over the other four models were statisti-
cally significant, supporting the robustness and reliability of the model's enhanced performance. According to the mapping results, the
OK model produced an excessively smooth surface, making it difficult to reveal local details. While the MLR and GWR models could
characterize certain environmental effects, they exhibited significant biases such as underestimation of high values and overestimation
of low values. In contrast, the GWRF model performed prominently in capturing both global trends and local subtle variations. The
analysis of variable importance showed that soil type, annual evapotranspiration, slope, and sand content were the most influential fac-
tors governing SOM distribution in the study area. Moreover, their spatially varying importance revealed notable heterogeneity. [Con-
clusions] This study demonstrated that the GWRF model possesses significant advantages in county-scale SOM digital mapping with-
in mountainous areas. Its prediction accuracy markedly exceeded that of RF and conventional linear models, owing to its ability to si-
multaneously capture nonlinear environmental relationships and localized spatial variations. The enhanced mapping precision and im-
proved representation of spatial details highlight the strong potential of GWRF for applications requiring high-accuracy soil informa-
tion. GWREF is well-suited for SOM prediction under complex terrain conditions and can serve as an effective technical tool for coun-
ty-level soil property estimation. Future research may incorporate human-activity-related variables, employ localized variable-selec-
tion strategies within the GWRF framework to further refine model performance, and explore the application potential of more ad-
vanced deep learning models in soil property mapping.
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