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Abstract
Spatial variation of soil pH is important for the evaluation of environmental quality. A reasonable number
of sampling points has an important meaning for accurate quantitative expression on spatial distribution
of soil pH and resource savings. Based on the grid distribution point method, 797, 700, 594, 499, 398, 299,
200, 149, 100, 75 and 50 sampling points, which were randomly se-lected from 908 sampling points,
constituted 12 sample sets. Semi-variance structure analysis was carried out for different point sets, and
ordinary Kriging was used for spatial prediction and ac-curacy veri�cation, and the in�uence of different
sampling points on spatial variation of soil pH was discussed. The results showed that the pH value in
Kenli County was generally between 7.8 and 8.1, and the soil was alkaline. Semi-variance models �tted by
different point sets could well re�ect the spatial structure characteristics of soil pH. With the decrease of
the number of sampling points, the Sill value of sample set increased, and the spatial autocorrelation
gradually weakened. Considering the prediction accuracy, spatial distribution and investigation cost, the
number of sampling points greater than or equal to 150 could satisfy the spatial variation expression of
soil pH at the county level in the Yellow River Delta. This was equivalent to taking at least 107 sam-pling
points per 1 000 km2. The results in this study are applicable to areas with similar environ-mental and soil
conditions as the Yellow River Delta, and have certain reference signi�cance for them.

Introduction
Soil pH is an important index for evaluation of land quality 1. Soils with acid and alkali over national
standard are not conducive to the utilization of land resources 2. Therefore, it is very important to
understand the spatial distribution of soil pH. At the same time, it is of great guiding signi�cance to
accurately grasp the spatial variation characteristics of soil pH for evaluating the salinization and
acidi�cation of soil environment, rational fertilization and e�cient utilization of nutrients 3. However,
sampling number affects the accuracy of soil properties and their spatial variation information and the
degree of quantitative expression. The layout pattern and sampling number must be fully considered to
ensure the accuracy of spatial interpolation in the study on spatial variation of soil pH 4−6. Generally
speaking, the larger the sampling density, the smaller the sample error and the higher the accuracy of the
research results. But the work cycle will be prolonged, and huge manpower, material resources and
�nancial resources will be consumed 7. The sampling cost will also limit the sampling density to a large
extent. If the number of sampling points is reduced, the interpolation accuracy of soil pH spatial variation
will be di�cult to guarantee, and local features may not be displayed 8,9. Therefore, it is of great
signi�cance to study the reasonable number of sampling points for accurate quantitative expression on
spatial distribution of soil pH and resource savings.

Spatial geostatistics is one of the most accurate spatial prediction methods, which is often used to model
the spatial variability for soil properties and evaluate their spatial uncertainty 10. At present, the method
combining geostatistics and GIS is used to study the spatial distribution of regional soil properties from
the perspective of spatial prediction. And it is also used to analyze the in�uence of sampling density on
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the spatial variation of soil properties 11. In recent years, many scholars have carried out a large number
of geostatistics researches on the in�uences of sampling number on spatial variability for different soil
properties in different areas, such as soil organic matter 12–14, nitrogen 15, exchangeable potassium,
calcium and magnesium 16 and heavy metals 17,18, salt, etc. 19. The reasonable sampling quantity of
different soil properties is basically different for their different characteristics. Even for the same speci�c
soil index, the results of different researches are different. For example, for soil organic matter, the
reasonable sampling points of spatial variation in typical areas of Yangtze River Delta were 91 per 1 000
km2 20, 547 per 1 000 km2 in Fei County which is a typical county of North China Plain 21. And for soil
organic carbon, 908 sampling points were reasonable in typical gully areas of Loess Plateau, which
means that 178 sampling points were needed per 1 000 km2. These studies show that there were
differences in the number of reasonable sampling points even with the same soil index because of the
differences in natural geographical environment such as topography and geomorphology in different
areas.

In addition, the survey scale has a certain in�uence on reasonable sampling number. For example, in the
relatively consistent geomorphic units, such as Fujian Province and its typical counties, the reasonable
sampling points of spatial distribution for soil organic matter were 10,000 and 11 000 for every 1 000
km2, respectively 12. The existing research methods and conclusions still need to be tested because of the
different evaluation indexes, the different natural geographical conditions and the different in�uence of
human activities in different study areas.

To sum up, although many scholars have carried out relevant researches on the reasonable sampling
number, there are few reports on the related research for soil pH at present. Especially, the research at
county-level areas is lacking in the in�uence of different sampling points on the spatial variation of soil
pH. And also, because of the fragile and salinized soil environment in the Yellow River Delta region and
great attention from the government, it is of great signi�cance to monitor and master the spatial
distribution status of soil pH for green development in agriculture on the premise of clarifying the
reasonable sampling numbers. Therefore, Kenli County in the Yellow River Delta was selected as the
study area, and the spatial distribution of soil pH with 12 different sampling sets was predicted using
geostatistical Kriging interpolation. The overall objectives of this research were 1) to clarify the in�uence
of different sampling numbers on the prediction accuracy of spatial distribution for soil pH; 2) to
determine the reasonable sampling densities to realize the spatial variation of soil pH at county scale.

Results
Descriptive statistics characteristics of soil pH for different sets of sample points

Descriptive statistics analysis was made on 12 sample sets, and the results were shown in Table 1. The
soil pH values of 908 sampling points in the study area were 7.00, 8.80, and 7.85, respectively. The soil
was weak alkaline. The coe�cient of variation was 5.35%, and the variability was weak, indicating that
the alkalization degree was very concentrated. The skewness coe�cient was -0.31, and the kurtosis



Page 4/16

coe�cient was 2.12. The results of normal test on skewness coe�cient and kurtosis coe�cient showed
that the soil pH values of different sampling points were in accordance with normal distribution.

The minimum value of soil pH for 100 and 50 sampling points was 7.10g/kg, and the minimum value of
other sampling points was 7.00g/kg. The maximum values of 908, 797, 700, 594, 499, 398, 299, 200 and
100 sample points were all 8.80g/kg, and the maximum values of only 149, 75 and 50 sample points
were 8.60g/kg. But they were still very similar. Among the 11 sub-samples, the average value and
standard deviation of soil pH also �uctuated around the average value and standard deviation of the
complete set, which indicated that although the number of sampling points decreased, the 11 samples
can still represent the complete set. The coe�cient of variation of soil pH ranged from 5.06% to 5.36%
among the 11 sub-samples, and the variability was weak. To sum up, the analysis of each index of each
subset showed that the selected subsets were all representative.

Table 1 Descriptive statistics characteristics of soil pH for different sets of sample points

Sampling
point
number

Min

(g/kg)

Max

(g/kg)

Average

(g/kg)

Standard
deviation

(g/kg)

Skewness Kurtosis Median
(g/kg)

Variation
(%)

908 7.00 8.80 7.85 0.42 -0.31 2.12 7.90 5.35

797 7.00 8.80 7.84 0.42 -0.32 2.15 7.90 5.36

700 7.00 8.80 7.85 0.41 -0.33 2.18 7.90 5. 22

594 7.00 8.80 7.85 0.42 -0.35 2.18 7.90 5.35

499 7.00 8.80 7.86 0.41 -0.37 2.19 7.90 5.22

398 7.00 8.80 7.88 0.41 -0.37 2.18 7.90 5.20

299 7.00 8.80 7.88 0.40 -0.38 2.30 7.90 5.08

200 7.00 8.80 7.89 0.42 -0.43 2.33 7.90 5.32

149 7.00 8.60 7.90 0.42 -0.59 2.46 8.00 5.32

100 7.10 8.80 7.90 0.40 -0.35 2.40 7.95 5.06

75 7.00 8.60 7.88 0.40 -0.55 2.43 8.00 5.08

50 7.10 8.60 7.85 0.41 -0.15 2.07 7.90 5.22

The in�uence of different sampling points on the semi-variance structure of soil pH

Semi-variance analysis of soil pH was carried out by geostatistical method. Table 2 shows the semi-
variance function values of soil pH under different sampling points. The spatial variation structure of soil
pH at other sampling densities conformed to the exponential model, except for 75 sampling points. The
level of decision coe�cient represented the effect of �tting variogram by the model. The higher the
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decision coe�cient, the better the effect of �tting variogram by the model 22. The determination
coe�cients of different sampling points were between 0.39 and 0.69, indicating that the model can better
re�ect the spatial structure characteristics of soil pH.

The ratio of Nugget to base Sill (C0+C) can re�ect the degree of spatial autocorrelation of variables. It
was considered a strong spatial autocorrelation when the ratio was less than 25% it was considered
moderate spatial autocorrelation when the ratio was between 25% and 75% it was considered weak
spatial autocorrelation when the ratio was greater than 75%. Nugget/Sill of the total sample set (908
sample points) in this study was less than 25%, showing a strong spatial autocorrelation. The Nugget/Sill
of 200-800 samples in the other 11 sample subsets was less than 25%, which indicated that these
sample sets had strong spatial autocorrelation. However, when the number of samples was less than
200, the Nugget/Sill ranged from 25% to 75% (with moderate spatial autocorrelation). Especially when
the number of samples was less than 150, the Nugget/Sill reached 40%, which indicated that the spatial
autocorrelation of these samples was weakened.

The variable range represented the autocorrelation range of the variogram 23, it can re�ect the size of the
autocorrelation range in the variable space. In this paper, the �tting range of soil pH under different
number of points was more than 4 km, indicating that the spatial autocorrelation distance was relatively
large. Among them, when the number of sampling points was reduced to 100, the range increased
obviously, reaching 26.52, which was about 5 times that of 200 sampling points.

Table 2 Parameters of semi-variance function of soil pH under different sampling points
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Sampling
point
number

Model Nugget (C0) Sill

(C0+C)

C0/Sill
(%)

Range
(km)

Determination Residual

926 exponential
model

0.0350 0.1786 19.60 4.80 0.68 0.00

801 exponential
model

0.0360 0.1778 20.25 5.13 0.72 0.00

704 exponential
model

0.0360 0.1752 20.55 4.77 0.68 0.00

598 exponential
model

0.0360 0.1780 20.22 4.75 0.69 0.00

502 exponential
model

0.0330 0.1742 18.94 4.82 0.69 0.00

401 exponential
model

0.0350 0.1750 20.00 4.70 0.60 0.00

300 exponential
model

0.0350 0.1658 21.11 4.81 0.60 0.00

201 exponential
model

0.0295 0.1810 16.30 4.87 0.44 0.00

150 exponential
model

0.0442 0.1736 25.44 6.54 0.39 0.00

100 exponential
model

0.0952 0.1914 49.74 26.52 0.64 0.00

75 spherical
model

0.0869 0.1748 49.71 13.77 0.49 0.00

50 exponential
model

0.1247 0.3174 39.29 160.59 0.61 0.00

The in�uence of different sampling points on the spatial prediction accuracy of soil pH

For each sample set, Kriging interpolation was used to carry out the spatial prediction of soil pH. Root
mean square error (RMSE), mean error (ME) and average standard error (ASE) were used to measure the
prediction accuracy of soil pH under different sampling points.

The closer the ME was to 0, the higher the accuracy of spatial prediction is. It can be seen from Fig. 1 that
the ME of 150, 200 and 300 sampling points was greater than 0, and that of other sampling points was
less than 0. With the decreased of sample size, the distance of ME deviating from X axis �rst increased,
then decreased and then slightly increased. But it basically surrounded the X axis except for 75 and 100
sample points. Therefore, when the number of sample points was too small (75, 100), the ME of predicted
values would become larger.
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The RMSE was slightly larger with 50 samples. There was no obvious change trend with the decreased of
sample size, and it could basically remain at a certain value. It showed that the RMSE had no obvious
difference in the spatial prediction accuracy of different sample subsets, that is, the accuracy of Kriging
interpolation had no signi�cant difference with the decreased of sample size.

The uncertainty of Kriging prediction was measured by the ASE. The closer the ASE was to the RMSE, the
more accurate the prediction of attribute value was. In this study, when there were 150, 200 and 900
samples, ASE and RMSE were basically equal, indicating that the spatial variability of the earth was
properly estimated. When the number of sampling points was 300-800, the ASE was smaller than the
RMSE, and the difference between them was very small, indicating that these sampling points
overestimated the spatial variability. However, when the number of sampling points was less than 150,
the ASE was obviously less than the RMSE, so these sample sets cannot reasonably predict the
variability.

Considering the ME, RMSE and ASE, 107 sampling points per 1 000 km2 could meet the needs of spatial
variation expression of soil pH in the Yellow River Delta. According to the above analysis, we can also
know that it was not enough to evaluate Kriging prediction accuracy only by a single evaluation index.
Therefore, it was necessary to use a variety of evaluation indexes and combine them with practice to
accurately evaluate the prediction results.

Effects of different sampling points on spatial distribution of soil pH

To more intuitively show the in�uence of different sampling point sets on the spatial distribution of soil
pH, Kriging method was used to carry out spatial interpolation operation (Fig 2). The eastern of Kenli
County was not sampled because the area is the Yellow River Delta National Nature Reserve. However, for
the beauty and completeness of pictures, Kriging interpolation was extended to the whole Kenli County.
When analyzing the spatial variation characteristics of soil pH, the Yellow River Delta National Nature
Reserve in the east of Kenli County did not focus on analysis.

In the study area, the yellow part had a large area (Fig. 2), that is, the soil pH in Kenli County of the Yellow
River Delta was generally between 7.8 and 8.1, which proved that the soil in this area was alkaline. The
areas with high soil pH value (orange-red part) were distributed in the middle and southwest of study
area. With the decreased of the number of sample points, the ability of describing details was gradually
weakened. When the number of sampling points was reduced to 100, the details of soil pH in the middle
and north of the study area were no longer detailed, and only the general distribution trend could be seen.
Therefore, considering the precision and research funds, it is suggested that the reasonable sampling
number in the Yellow River Delta should not be less than 150.

Conclusion
In this paper, Kenli County in the Yellow River Delta was selected as the research area. 12 sample sets
consisting of 908, 797, 700, 594, 499, 398, 299, 200, 149, 100, 75 and 50 sampling points were selected to
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study the in�uence of the sampling number on the spatial variation of soil pH. And the reasonable
sampling number was determined, which provided for the collection of soil samples. Soil samples getting
with minimum human, material and �nancial resources provided convenience for the research of the soil
pH.

According to the semi-variance structure analysis of soil pH with different sampling sets, the
determination coe�cient of different sampling sets was between 0.39 and 0.69, and the model could
better re�ect the spatial structure characteristics of soil pH. With the decreased of the number of
sampling points, the C0/Sill value of the sample set increased, and the spatial autocorrelation decreased
gradually. In this paper, the variation range of soil pH �tting by different number of points was greater
than 4 km, and the spatial autocorrelation distance was relatively large. Among them, when the number
of sampling points was reduced to 100, the range increased obviously, reaching 26.52, which was about
5 times that of 200 sampling points.

According to the analysis of spatial prediction accuracy of soil pH with different sampling sets, the ME of
predicted values would gradually increase when the number of sampling points was too small. The
RMSE could basically be maintained at a certain value with the decrease of sampling numbers except for
being slightly larger at 50 sample points. Comprehensive analysis of ME, RMSE and ASE showed that
when the number of sampling points was 150, the prediction accuracy was the highest, which can satisfy
the spatial variation expression of soil pH in the Yellow River Delta region.

According to the analysis of spatial distribution and expression of soil pH with different sampling sets,
the pH value in Kenli County was generally between 7.8 and 8.1, and the soil was alkaline. The areas with
high soil pH value were distributed in the middle and southwest of the study area. With the decreased of
sampling points, the detailed characteristics of spatial variation of soil pH will gradually disappear. When
the number of sampling points was 150, it can not only describe the spatial distribution of soil pH in
detail, but also accurately describe the spatial distribution pattern of soil pH.

Therefore, considering the prediction accuracy, spatial distribution and research funds, it is suggested
that the reasonable sampling number should be no less than 150 in the Yellow River Delta region, which
is equivalent to at least 107 sampling points for 1 000 km2. The results of this study are applicable to
areas with similar environmental and soil conditions in the Yellow River Delta, and have certain reference
signi�cance for them. However, the number of sampling points will be different to reasonably express the
spatial distribution of soil pH in other areas, which needs to be analyzed in combination with local
environmental conditions.

Discussion
Spatial variation of soil properties is controlled by various structural and random factors. The larger the
ratio of Nugget to Sill, the more obvious the in�uence of human activities, such as irrigation, fertilization
and cultivation. On the contrary, structural factors such as soil parent material, climate, biology,
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topography and other natural factors play a major role 24,25. The ratio of Nugget to Sill of the whole
sample set (908 sampling points) in this study was less than 25% and showed strong spatial
autocorrelation, indicating that the spatial variation of soil pH in the study area was mainly affected by
structural components such as topography, climate and soil parent material. When the sampling point
was less than 150, the ratio of Nugget to Sill reaches 40%, indicating that the spatial autocorrelation of
these sample sets was weakened, and was in�uenced by structural components and random factors.
With the decreased of the number of sampling points, the small-scale structural factors and random
factors gradually increased, while the in�uence of large-scale structural factors such as parent material,
topography and soil type on soil pH gradually weakened, which caused the soil pH to change strongly
with the small number of sampling points.

Interpolation prediction error and interpolation distribution map have a certain synergistic relationship
with the change of sample numbers. When there were less than 150 samples, the difference between ASE
and RMSE was large. Correspondingly, the spatial distribution maps of soil pH with less than 150
sampling points were too smooth to show the spatial distribution of soil pH accurately. However, when
the number of samples was increased to 150 or more, the details of the spatial variation expression
diagram of soil pH were more obvious, which can show the spatial variation expression of soil pH more
accurately. In addition, at 150 or more sampling points, the prediction error maps of RMSE, ME and ASE
of soil pH and the expression maps of spatial variation of soil pH in different point sets can better predict
the spatial variation of soil pH. So it can be shown that the prediction error of soil pH was consistent with
the spatial distribution of soil pH.

In this paper, the in�uence of the number of different sampling points on the spatial distribution of soil
pH in the Yellow River Delta region was discussed by using the ordinary Kriging method. It was concluded
that the number of sampling points most suitable for Kenli County in the Yellow River Delta region should
be no less than 150, that is, at least 107 sampling points should be taken every 1 000 km2. This paper
was al-so compared with the existing literature investigating reasonable sampling numbers of soil pH.
The only literature 26 showed that the rational sampling number at the county scale was about 4900
samples per 1 000 km2 which was inconsistent with our study. It may be due to that study areas of the
former were located in a more undulating mountainous and hilly region and resulting a reduced spatial
auto-correlation of soil pH. While this result was the same as the most reasonable number of sampling
points needed for soil salinity in Kenli County of the Yellow River Delta studied by Zhang et al. 19. It
revealed that the number of sampling points for spatial variation expression of different soil properties in
areas with similar environmental conditions may get closer.

Methods
Study area

Kenli County in the Yellow River Delta region was selected as the study area (Fig. 3). This county is
located at the mouth of the Yellow River in the Yellow River Delta of northern Shandong Province,
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between 37°24′ - 38°10′ N and 118°15′ - 119°19' E 27, with a total area of 2 331 km2. It belongs to
temperate monsoon climate, with high annual temperature and uneven spatial-temporal distribution of
precipitation. The terrain is fan-shaped and slightly inclined from southwest to northeast 28. The altitude
ranges from 2 m to 11.61 m. Kenli County has rich in soil resources, and is one of the most abundant
land reserve resources in the coastal areas of eastern China, with great potential for agricultural
development.

Collection and processing of sample data

Based on the grid distribution point method, more than 1 100 sampling points were distributed in this
study. The outliers were removed after collecting the samples. Finally, 908 samples were obtained. 797,
700, 594, 499, 398, 299, 200, 149, 100, 75 and 50 sampling points were randomly selected from 908
sampling points. Each sampling point was extracted from the last sampling point set to compare the
characteristics of different sample sets. For example, 700 sample set was extracted from 797 sample set,
and 299 sample set was extracted from 398 sample set. Combining all the sample data, a total of 12
sample sets were formed. The pH of each sample was measured in 1:2.5 mixtures of soil and deionized
water with a pH meter 29.

Spatial prediction and veri�cation method

Geostatistical methods are widely used to predict the spatial distribution of soil properties 30-32. In this
paper, we chose the Ordinary Kriging (OK) method to predict the spatial distribution of soil pH 33. The OK
satis�es the intrinsic hypothesis, and the average value of the regionalized variables is an unknown
constant 34. OK is a linear estimation of regionalized variables, which is similar to weighted moving
average in the process of interpolation research. However, the weights of weighted moving average are
determined from different sources. The weighted sliding average weight values come from known spatial
functions, while the weights of ordinary kriging come from spatial data analysis 34. It is necessary to
verify the prediction results after spatial distribution prediction. In this paper, independent veri�cation
method was adopted.

The OK interpolation results are veri�ed. The veri�cation method of independent data set extracts some
samples from all samples as independent data sets, take the remaining samples as simulation data sets
without repetition, and take each sample in independent data sets as inspection points 35. In this paper,
after 797 samples were extracted from 908 samples, the remaining 111 samples were taken as
independent veri�cation sets. The spatial prediction results of 12 sample sets consisting of 908, 797, 700,
594, 499, 398, 299, 200, 149, 100, 75 and 50 samples were veri�ed, respectively. In veri�cation method of
independent data set, the most representative evaluation indexes are root mean square error (RMSE),
mean error (ME) and average standard error (ASE). Two veri�cation indexes, root mean square error and
average error, were chosen to evaluate the accuracy of prediction. The smaller the RMSE is, the closer the
ME is to zero, indicating that the accuracy of spatial prediction is higher. The average standard error was
used to measure the uncertainty of Kriging prediction value.
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Figures

Figure 1

Prediction error of soil pH at different point sets
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Figure 2

Expression diagram of soil pH spatial variation of different point sets. The letters a-l represent the spatial
variation expression of soil pH at 908, 797, 700, 594, 499, 398, 299, 200, 149, 100, 75 and 50 sampling
points respectively.
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Figure 3

Overview of the study area


