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Spatial distribution characteristics
of soil salinity and nutrients in
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of Dongying Efficient Agricultural Technology and Industry on Saline and Alkaline Land in
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Introduction: Soil salinity in the Yellow River Delta exhibits seasonal dynamics,
with desalination in October (low-salt period) and salinity return in April (high-
salt period).

Methods: This study quantified the spatiotemporal variations in soil salinity,
alkaline nitrogen (AN), available phosphorus (AP), and available potassium (AK)
in mild saline soils (0-20 cm depth) at a 72.3 hm? farm scale using grid sampling,
classical statistics, and geostatistics (semi-variance analysis, ordinary kriging)
Results: The key results showed that the mean soil salinity was higher in April than in
October; all indices displayed moderate variability, where the coefficient of variation
(CV) of salinity was higher in October than in April, while the CV values of AN, AP,
and AK were lower in October than in April; salinity (in both periods), AK (in both
periods), and AP (in October) exhibited weak spatial dependence (Cy/(Co+C) > 75%)
under the influence of random factors, and AN (in both periods) and AP (in April)
showed moderate spatial dependence (25% < C,/(Co+C) < 75%) driven by both
structural and random factors. Spatial distribution maps revealed patchy patterns,
with salinity, AN, and AP contents being higher at field edges. In October, except for
the southern part with high AK content, the AK content at the edges was lower than
that in the central area; in April, AK was distributed in rings, and its content generally
increased from the middle to the four sides.

Discussion: These high-resolution farm-scale study results provide data support
for precise nutrient management of saline soils during low-salinity and high-
salinity periods.
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1 Introduction

The yield of crops depends on the abundance and deficiency of soil nutrients. Under the
influence of structural factors and random factors, such as climate, parent material, topography
biology, fertilization and irrigation, even in the same field, soil nutrients have different spatial
heterogeneity, and the spatial distribution characteristics of soil nutrients are also significantly
different (Ye, 2014). Soil nutrients are essential to the development of modern healthy
agriculture. More and more people are concerned about the spatial distribution of soil
nutrients (Xie, 2020). Studying soil nutrients in cultivated land is of great significance for
nutrient management and fertilization decisions (Wang et al., 2015; Gogoi et al., 2021).

The content of soil salt plays a key role in plant growth, directly affects the composition and
physiological ability of plant communities, and determines the structure, function and productivity
level of ecosystems (Gu et al., 2016). The spatial variability of soil salinity is an important natural
attribute of soil. In-depth study can not only find out the degree and state of soil salinization in
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the soil tillage layer (Wang et al., 2019)., but also more comprehensively
understand the spatial distribution characteristics of soil salinity. High
soil salt content affects the absorption and utilization of plant nutrients
(Gorjietal,, 2015), and limits soil fertility.

Geostatistical methods, particularly kriging, have been widely
employed to analyze the spatial variability of soil properties due to their
ability to account for spatial autocorrelation and provide unbiased
estimates with minimized prediction error (Goovaerts, 1997). Unlike
deterministic interpolation methods such as inverse distance weighting
(IDW) or splines, which rely solely on geometric proximity, kriging
utilizes a variogram model to quantify the spatial structure of the variable
of interest. This allows kriging to not only predict values at unsampled
locations but also quantify the uncertainty associated with these
predictions (Webster and Oliver, 2008). The development of a variogram
involves modeling the spatial dependence using functions such as
spherical, exponential, or Gaussian, which are selected based on criteria
like the residual sum of squares (RSS) and coefficient of determination
(R?). Validation is typically performed using cross-validation to ensure
model robustness. Compared to IDW, kriging provides more accurate
and less smoothed spatial predictions, especially when data exhibit
strong spatial structure (Li and Heap, 2011).

Many scholars studied the spatial variability of soil nutrients and salt
by combining geostatistics and other methods they found that it is closely
related to natural factors and human factors (Wang et al, 2021;
Karunaratne et al,, 2014; Bocchi et al., 2000). Many scholars mostly
studied the spatial distribution characteristics of farmland soil nutrients
and salt at the county level and above, while few studies analyzed the
characteristics of farmland soil nutrients and salt at the farm level. Large-
scale soil properties can reveal the spatial variation of soil spatial
distribution characteristics in the study area, which is of great significance
to improve the quality of soil mapping and soil digitalization (Feng et al.,
2023; Duan et al., 2022; Wang et al., 2022). Research on the mesoscale
level can improve the soil nutrient management space, establish a soil
nutrient management information system, and provide data support.
The size of evaluation unit directly affects the accuracy of soil quality
evaluation, and the smaller the evaluation unit, the higher the accuracy
of evaluation results (Wu et al., 2009). Addressing the limitations of
existing research that primarily focuses on county-level or higher scales,
this farm-scale approach provides high-resolution data support for
precision agriculture, helping to effectively reduce resource waste and
enhance crop yields (Guo et al., 2015). The spatial variation structure of
soil salinity reflects the changing law of autocorrelation of salinization
degree with spatial scale, which is crucial for regional salinization
treatment and farmland protection.

This study systematically investigated soil salinity and AN, AP,
and AK content at the farm scale during low-salinity and high-salinity
phases, along with their spatial distribution patterns. By analyzing
dynamic changes in soil salinity and nutrients during these two
phases, the research revealed spatiotemporal evolution patterns of soil
composition, breaking through the constraints of single-phase studies.

2 Materials and methods
2.1 Overview of the study area

East of Dongying City, Shandong Province (118°15" ~ 119°19’E,
37°24" ~ 38°10'N) the Yellow River is injected into the Bohai Sea from
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this area, and the topography of the study area is mainly formed by the
Yellow River siltation retreating to the sea, due to the history of the
Yellow River coccyx section often swayed from side to side, and many
times ulceration, overflowing, flooding, and other alluvial and siltation
pads, and thus the formation of typical deltaic geomorphology (Luo
and Liu, 2024). Located in the monsoon area of the east coast of
China, the strong evaporation causes rapid loss of soil moisture, while
at the same time, groundwater is continuously replenished, forming
the dynamic conditions for upward migration of water and salt. Under
the continuous evaporation of water, the soluble salts in soil and
groundwater continuously converge to the soil surface, greatly
accelerating the process of land salinization (Zhou et al., 2022). The
main crops are corn and wheat. The soil parent material is the
alluvium of the Yellow River, and the texture is mainly silt, silty loam
and sandy loam.

2.2 Sampling method

This study takes the Academy of Dongying Efficient Agricultural
Technology and Industry on Saline as the research area (an area of
72.3 hm?) (Figure 1). The density of sampling points has a direct effect
on the test accuracy and is related to the size of the region (Wang et al.,
20225 Sun et al., 2023; Xue et al,, 2023), Based on previous research
results, 278 soil sampling points were collected in October 2020 and
April 2021 with a grid density of 50 m x 50 m. Each point is collected
according to the 5-point mixed sampling method to collect 0-20 cm
soil samples. During sampling, latitude and longitude at different
points were recorded using GPS. The soil samples are dried naturally
under atmospheric conditions; then weighed and ground to form
air-dried fine soil.

2.3 Determination method

The contents of soil salinity, AN, AP, and AK were determined.
Soil salinity was determined by the residue drying-mass method, AN
was determined by alkaline hydrolysis diffusion method, AK was
determined using flame photometry after ammonium acetate
extraction, AP was extracted with the sodium bicarbonate extraction/
molybdenum antimony colorimetric method (Bao, 2000).

2.4 Data analysis

SPSS 19.0 was used to conduct descriptive statistical analysis
of each attribute of the collected soil samples. Geostatistical
methods were used to predict the spatial distribution of soil
nutrients and salinity in the study area, which provided basic data
for analyzing the spatial heterogeneity of farmland soil properties
(Fan etal., 2015). The CV of soil properties was calculated to reflect
the degree of dispersion between data. The CV is an important
index used in classical statistics to determine the degree of
variation of data, which can distinguish the sensitivity of different
soil physical and chemical indexes to external conditions (Yang
et al., 2018). The semi-variance function analysis was used to
analyze the soil salinity of different densities in the study area with
GS + 9.0, and the optimal fitting model and parameters were
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FIGURE 1
Location of the study area.

obtained, and then ordinary kriging in the spatial analysis module
of ArcGis10.8 software was used to optimize the soil nutrient
content at the unsampled points, to obtain planar data from point
data. The spatial distribution map of soil salinity and nutrient
content in the study area was generated.

3 Results
3.1 Descriptive statistical analysis

The distribution characteristics of soil salinity and nutrients in
study area were analyzed (Table 1) using classical statistical
parametric methods; the differences in the soil salinity nutrients in
October and in April were determined, and the temporal variation
of soil salinity and nutrients were studied. The raw data were
mostly non-normal distributed, and the data was log-transformed
to a normal distribution.

The mean of soil salinity, AN, AP, and AK content were 1.21 g-kg™',
69.90 mg-kg™', 10.17 mg-kg™, and 164.62 mg-kg™" in October. The
mean of soil salinity, AN, AP, and AK content were 1.60 g-kg™',
68.23 mgkg™, 6.83 mgkg™’, and 281.14 mg-kg™' in April. The
farmland soil was mainly slightly salinized. Soil salinity and AK
content in April> Soil salinity and AK content in October, AN and AP
content in October > AN and AP content in April.

A CV of <10% indicated weak variability, a CV between 10 and
100% indicated moderate variability, and a CV of more than 100%
indicated strong variability. All soil indicators showed moderate
variability. The CV of soil salinity, AN, AP and AK were 31.77, 15.43,
26.88, and 14.37% in October, respectively. The CV of Soil salinity,
AN, AP and AK were 30.45, 29.85, 81.68, and 24.43%, respectively, in
April. The CV of soil salinity in October was greater than that in April.
The October CV values of AN, AP, and AK were less than that in April.

3.2 Spatial variability analysis
When quantitatively describing the variation characteristics, it is

necessary to build a theoretical model of the variation function
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through the optimal fitting of the model. The GS + 9.0 software was
used to select the optimal half-variance function model which follows
the criterion of minimum RSS and maximum R’ The parameters
provided by the geostatistical analysis further revealed the spatial
variation characteristics of the soil salinity and nutrients in study
area. Specifically, nugget (C,) refers to random variations that may
be caused by human activities, soil biology, and sampling errors,
whereas sill (C, + C) represents the total variation in the soil nutrient
content at the current scale.

According to the classification standard of spatial correlation
degree of regional variables (Hartfiel and Digman, 2021). When Cy/
Cy + C < 25%, variables have a strong spatial correlation. Between
25% < Co/Cy+ C < 75%, the variables have a moderate spatial
correlation. However, when Cy/C, + C > 75%, the spatial correlation of
variables is weak. In general, variables with strong variability are mainly
affected by structural factors, such as soil texture, soil particle, soil bulk
density, etc., while variables with weak variability are affected by
random factors. The driving factors of randomness are mainly human
factors, such as agricultural irrigation, fertilizer use, tillage measures, etc.

In October, the best fitting model of AK was Gaussian model, the
exponential model was the best fitting model for soil indicators in
other periods. Weak spatial correlation between soil salinity and AK
in October and April and AP in October, moderate spatial correlation
between AN in October and April and AP in April (Table 2).

3.3 Spatial distribution analysis

Ordinary kriging was used to perform optimal spatial
interpolation on the soil salinity, AN, AP, and AK based on the
obtained semivariance function model and related parameters, and
the spatial distributions of soil salinity, AN, AP, and AK were
graphed (Figure 2) to intuitively describe the spatial distribution
of the soil properties in the study area.

In October and April, soil salinity, AN and AP were distributed in
patches, with the overall content being low in the middle and high in
the four sides. In October, AK was distributed in patches, except for
the southern part where the content was high, the rest of the space
showed that the edge content was lower than the central content. In
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TABLE 1 The result of descriptive statistics.

10.3389/fsufs.2025.1623923

Index Month Min Max Mean Skewness Kurtosis CV(%)
Soil salinity October 0.65 235 121 0.07 2.22 31.77
(gkg™ April 0.84 2.92 1.60 -0.01 2.33 30.45

October 45.50 94.50 69.90 -0.10 2.20 15.43
AN (mgkg™)

April 23.80 113.40 68.23 —-0.21 2.88 29.85

October 4.12 19.38 10.17 0.52 422 26.88
AP (mgkg™)

April 1.48 2433 6.83 0.43 2.46 81.68

October 113.50 229.40 164.62 0.20 2.69 14.37
AK (mg-kg™)

April 149.80 449.70 281.14 0.31 241 24.43

TABLE 2 Semi-variogram models and parameters.

Theoretical

model

Nugget
effect
Co/(Co + C)

Soil salinity October Exponential model 0.01 0.10 0.91 7.071E-05 0.95
(gkg™) April Exponential model 0.02 0.10 0.82 6.150E-04 0.54
October Exponential model 42.86 78.97 0.46 585.00 0.42
AN (mgkg™)
April Exponential model 263.00 589.80 0.55 4280.00 0.85
October Exponential model 0.53 8.14 0.94 5.41 0.83
AP (mgkg™)
April Exponential model 0.33 0.67 0.50 0.03 0.62
October Gaussian model 40.00 526.20 0.92 10973.00 0.52
AK (mgkg™)
April Exponential model 230.00 4044.00 0.94 553093.00 0.92

April, AK was distributed in rings, and the content generally increased
from the middle to the four sides.

4 Discussion

4.1 Analysis of the spatial heterogeneity of
soil salinity

The spatial variability of soil salinity is influenced by many
factors, such as groundwater level, climate, irrigation and drainage
system, and topography (Cemelk et al., 2007). The accumulation of
soil surface salt and the erosion of surface salt caused by rainfall are
the reasons for the spatial heterogeneity of salt in the two periods.
The CV of salinity in October is greater than that in April, which
may be due to the high temperatures in Dongying City in October
causing large amounts of soil moisture to evaporate. Evaporation
promotes the loss of moisture from the soil surface, causing salt to
gradually accumulate on the surface and increasing the variability
of soil salinity. In contrast, although temperatures gradually
increased in April, evaporation was relatively weak and changes in
soil salinity were also small. The specific law of water and salt
absorption causes the uneven distribution of salt around the plant
roots (Doris et al., 2004), which is also the reason for the difference
in the spatial heterogeneity of salt between the two periods, the
difference in rainfall can affect the content and distribution of soil
moisture, and then affect the migration and accumulation of soil
salinity. There is more rainfall in October, while April is in a period
of less rainfall.

Frontiers in Sustainable Food Systems

4.2 Analysis of the spatial heterogeneity of
soil nutrients

Soil nutrients typically exhibit significant spatial differentiation, with
uneven distribution and often appear as discrete patches. These patches
show heterogeneity in both spatial and temporal dimensions. Spatially,
this manifests as differences in the location, size, scale, and quantity of
nutrient patches; temporally, it is reflected in the timing of patch
appearance, duration, and frequency (Cao et al,, 2021). The heterogeneity
in nutrient distribution may be caused by various factors. For example,
differences in the physical and chemical properties of soil itself (Xu et al.,
2019), variations in the chemical attributes of litter substrates (Yan et al.,
2019; Sayer et al., 2021). The October CV of AN, AP, and AK were less
than that in April. AN, AP, and AK are the nutrients most easily absorbed
by plants, which are greatly affected by plant growth, and then affect the
content of N, P, and K in the regional soil. As an important limiting factor
in agricultural production, soil salinity affects soil quality and crop
growth (Li et al, 2010). Salt content affects the absorption and
distribution of N, P, and K nutrients, and the higher the salt
concentration, the more obvious the inhibitory effect (Liu et al., 2017;
Gong et al,, 2009). Therefore, the unevenness of salt leads to the
difference of crops nutrient absorption from soil, and there are obvious
differences in nutrient absorption of plants, which leads to the degree
and rate of nutrient consumption of plants in nutrient-rich patches in
heterogeneous environment, which is also the reason for studying the
unevenness of soil nutrients in the region (Gross et al., 2007). Due to
leaching, soil nutrients flow with water is also the reason for the
difference in soil nutrient heterogeneity between the two periods. In
October, the crop is approaching harvest and the uptake of soil nutrients
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FIGURE 2

Spatial patterns of soil salinity, AN, AP, and AK in October (a) and April (b).

is reduced, so the soil nutrient variability may be relatively low. In April,
crops began a new growth cycle, with increased demand for nutrients,
and agricultural activities (such as fertilization, irrigation, etc.) became
more frequent, leading to increased variability in soil nutrients.
According to Figure 2, nutrient content in the central part of farmland
during the April growing season is lower than in surrounding areas. It is
recommended to increase nutrient application in the central part of
farmland and reduce nutrient application in surrounding areas.

Frontiers in Sustainable Food Systems

4.3 Implications for precision farming and
soil management

The high-resolution spatial maps generated through ordinary
kriging in this study provide actionable insights for precision nutrient
and salinity management at the farm scale. By identifying zones with
high salinity or nutrient deficits, farmers can implement variable-rate
fertilization and irrigation, thereby optimizing resource use and
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minimizing environmental impact (Shaheb et al., 2022). For instance,
the observed lower nutrient content in the central area during April
suggests the need for targeted nutrient supplementation in that zone,
while reduced application in nutrient-rich edges can prevent over-
fertilization. Moreover, kriging-based maps can guide targeted soil
sampling strategies, reducing the number of samples required for
monitoring while maintaining accuracy. This is particularly valuable
for long-term soil health assessment and salinization control in
dynamic environments like the Yellow River Delta.

5 Conclusion

In October and April, salinity, AN, AP, and AK all exhibited
moderate variability, with the CV value for salinity being higher in
October than in April, while the CV values for AN, AP, and AK were
lower in October than in April. Salinity and AK in both periods, as
well as AP in October, exhibited weak spatial dependence, influenced
by random factors; AN in both periods and AP in April exhibited
moderate spatial dependence, driven by both structural and random
factors. During the crop growing season in April, it is recommended
to increase fertilizer application in the central areas of farmland and
reduce it in peripheral areas.
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