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Abstract 
Leading soil scientists have long argued that field-average fertility indices conceal the spatial heterogeneity 

that drives within-field yield variation. This research applied geostatistical methods to map soil available 

N, P, K, and organic carbon at 128 geo-referenced sampling points across a 240-hectare rice-wheat system 

in Jiangsu Province, China, and correlated the interpolated fertility surfaces with georeferenced yield 

monitor data from 2019-2021. Semivariogram analysis revealed moderate to strong spatial dependence for 

all nutrients (nugget-to-sill ratio 0.18-0.42). Ordinary kriging maps identified distinct fertility zones: 

available N ranged from 142 to 298 kg ha⁻¹ across the field. Correlation between kriged soil fertility indices 

and yield was strongest for organic carbon (r = 0.74) and available N (r = 0.76). A composite fertility index 

explained 68% of spatial yield variation. These results support site-specific nutrient management based on 

geostatistical fertility mapping. 
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Introduction  

Conventional soil testing reports field-average nutrient concentrations, yet within a single 10-

hectare block, available N can vary by a factor of two or more [1, 2]. This variability means 

uniform fertiliser application inevitably over-supplies some zones and under-supplies others, 

leading to both economic waste and environmental pollution [3]. Geostatistical methods offer a 

framework for quantifying and mapping this spatial structure through semivariogram modelling 

and kriging interpolation [4, 5]. 

While geostatistical soil mapping has been applied extensively to European and North American 

farmland, applications in intensive rice-wheat systems of the Yangtze River Delta remain 

limited despite the region’s critical importance for Chinese grain production [6, 7]. This research 

mapped soil fertility at high spatial resolution across a representative rice-wheat farm, quantified 

the spatial dependence structure of each nutrient, and tested whether kriged fertility surfaces 

predict georeferenced yield variation at the sub-field scale. 

 

Materials and Methods 

Study area 
The study covered a 240-hectare farm (31°58′N, 118°48′E) in Lishui District, Nanjing. Soils are 

Hydragric Anthrosols developed on Yangtze alluvium, with clay loam to silty clay texture. The 

farm has been under continuous rice (June-October) and wheat (November-May) rotation for 

over 30 years. Topography is flat (elevation 6-8 m a.s.l.). 

 

Geostatistical model configuration 
Semivariograms were computed using the gstat package in R 4.2 with lag intervals of 250 m to a 

maximum distance of 4,000 m. Exponential, spherical, and Gaussian models were fitted by 

weighted least squares; the best-fit model was selected by minimising Akaike Information 

Criterion. Ordinary kriging was performed on a 50 m × 50 m prediction grid. Cross-validation 

used leave-one-out to compute mean error (ME) and standardised RMSE. 

 

https://www.agronomyjournals.com/
https://doi.org/10.33545/2618060X.2024.v7.i6b.5043


International Journal of Research in Agronomy  https://www.agronomyjournals.com  

~ 124 ~ 

Performance evaluation 
Cross-validation showed low bias for all nutrients: ME ranged 
from -1.2 to +0.8 kg ha⁻¹ for N, P, K and -0.02 to +0.01% for 
OC. Standardised RMSE was close to unity (0.94-1.08) for the 
selected semivariogram models, indicating appropriate variance 
estimation. Kriged maps reproduced known landscape features 
lower fertility along drainage channels and higher OC in 
historically manured paddies providing qualitative validation. 
 

Methods 
Soil samples (0-20 cm, composites of 5 cores) were collected at 

128 points on a stratified random grid in October 2019 (post-

rice). Available N (alkaline KMnO₄), P (Olsen), K (NH₄OAc), 

OC (Walkley-Black), and pH were analysed. Yield data were 

obtained from combine harvesters equipped with Ag Leader® 

yield monitors for rice (2019-2021) and wheat (2019/20-

2021/22). A composite soil fertility index (SFI) was computed 

as the weighted sum of normalised N, P, K, and OC values. 

Pearson correlations and stepwise regression linked kriged 

fertility to georeferenced yield. 

 

Results

 

 
 

Fig 1: Experimental semivariograms and fitted models for available N, P, and K across the 240-hectare study area. 

 

Table 1: Semivariogram model parameters for soil nutrients and organic carbon 
 

Nutrient Model Nugget Sill N:S ratio Range (m) 

Available N Spherical 248 1380 0.18 2500 

Available P Spherical 286 1060 0.27 2200 

Available K Exponential 602 1435 0.42 1800 

Organic C Exponential 0.031 0.118 0.26 2100 

 

Semivariogram analysis revealed moderate to strong spatial 

dependence for all nutrients (Figure 1). Available N showed the 

strongest structure: nugget-to-sill ratio 0.18, range 2,500 m, 

indicating that 82% of total variance was spatially structured.  

Available K had the weakest dependence (ratio 0.42, range 

1,800 m). Spherical models provided the best fit for N and P; 

exponential for K and OC (Table 1). 

 

 
 

Fig 2: Correlation matrix between kriged soil parameters and georeferenced crop yields
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Table 2: Regression of kriged fertility predictors against spatial rice and wheat yield variation 
 

Predictor Rice R² Wheat R² Significance 

Available N alone 0.58 0.50 p<0.001 

OC alone 0.55 0.48 p<0.001 

Composite SFI 0.68 0.61 p<0.001 

SFI + pH 0.68 0.66 p<0.001 

 

Kriged maps showed available N ranging from 142 to 298 kg 

ha⁻¹, with a northwest-southeast gradient reflecting historical 

manure application patterns. The correlation matrix (Figure 2) 

showed strongest associations between OC and available N (r = 

0.81), followed by rice yield and available N (r = 0.76). The 

composite SFI explained 68% of spatial rice yield variation and 

61% of wheat yield variation (Table 2). Adding pH as a 

covariate improved wheat prediction to R² = 0.66 but had no 

effect on rice. 

 

Discussion 
The nugget-to-sill ratios (0.18-0.42) indicate moderate to strong 

spatial structure, consistent with reports from alluvial rice soils 

in the Mekong Delta and Ganges floodplain [8, 9]. The 2,500 m 

range for N suggests that management zones of roughly 6 ha 

could capture most of the structured fertility variation, a scale 

compatible with variable-rate applicator swath widths [10, 11]. The 

stronger yield correlation with OC and N than with P or K 

reflects the dominance of N as a yield-limiting nutrient in this 

high-input system where P and K are rarely deficient [12, 13, 14]. 

The SFI approach, though simple, outperformed any single 

nutrient as a yield predictor, supporting the use of composite 

indices for management zone delineation in precision rice-wheat 

systems. 

 

Limitations 
The 128-point sampling density (one per 1.9 ha) may not capture 

micro-scale variability within paddy bunds. Kriging assumes 

second-order stationarity, which may be violated across the 

alluvial-to-lacustrine soil boundary in the western portion. Yield 

monitor calibration uncertainty (±5%) propagates into the 

fertility-yield correlation. 

 

Conclusion 
Geostatistical mapping of soil fertility across 240 hectares 

revealed moderate to strong spatial dependence for available N, 

P, K, and OC. Kriged fertility surfaces correlated significantly 

with georeferenced rice and wheat yields, with a composite 

fertility index explaining 61-68% of spatial yield variation. 

These findings support site-specific nutrient management at 

scales of approximately 6 hectares in intensive rice-wheat 

systems of the Yangtze River Delta. 
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