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Abstract: With the increasing requirements of precision agriculture for massive and various kinds
of data, remote sensing technology has become indispensable in acquiring the necessary data for
precision agriculture. Understanding the spatial variability of a target soil variable (i.e., soil mapping)
is a critical issue in solving many agricultural problems. Field sampling is one of the most commonly
used technologies for soil mapping, but sample sizes are restricted by resources, such as field labor,
soil physicochemical analysis, and funding. In this paper, we proposed a sampling design method
with both good spatial coverage and feature space coverage to achieve more precise spatial variability
of farm field-level target soil variables for limited sample sizes. The proposed method used the
super-grid to achieve good spatial coverage, and it took advantage of remote sensing products that
were highly correlated with the target soil property (SOM content) to achieve good feature space
coverage. For the experiments, we employed the ordinary kriging (OK) method to map the soil
organic matter (SOM) content. The different sized super-grid comparison experiments showed that
the 400 × 400 m2 super-grid had the highest SOM content mapping accuracy. Then, we compared the
proposed method to regular grid sampling (good spatial coverage) and k-means sampling (good
feature space coverage), and the experimental results indicated that the proposed method had
greater potential in the selection of representative samples that could improve the SOM content
mapping accuracy.

Keywords: soil sampling; spatial coverage; feature coverage; farm field-level soil mapping; super-grid;
limited sample size

1. Introduction

Precision agriculture is a new trend in modern agricultural practices as a way to improve yields
and quality, thereby increasing the benefits to farmers and guaranteeing sufficient environmental
protection [1–5]. More elaborate soil mapping that reflects the spatial variability of a target soil variable
is required to solve various precision agriculture problems, such as soil quality evaluations, soil erosion
risk mapping, and variable-rate fertilization [2,6–9].

The design of the soil survey is a necessary step in producing farm soil maps, including
field sampling, laboratory analysis, and data processing [10–13]. Field sampling, which is a critical
issue in soil surveys, helps to obtain reliable soil mapping results by optimizing the sample size
and recognizing the representative sampling locations [14–16]. Extensive sampling methods have
been developed for soil mapping, ranging from simple random sampling to complex, advanced
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sampling [14,17–32]. These sampling methods can be classified into three types: geometric sampling
(such as grid sampling [30,31] and spatial coverage sampling [20]), adapted experimental sampling (such
as conditional Latin hypercube sampling [26] and response surface sampling [33]), and model-based
sampling (such as kriging model sampling [14]). In the existing sampling methods, the focus is mainly
on two aspects that improve farm soil mapping accuracy: sample size and sample locations [14,34]. It is
known that more samples can result in more reliable soil maps, regardless of the sampling methods [35].
However, in most cases, the sample size is determined by available resources, such as field labor, soil
physicochemical analysis, and funding [11,15,36]. When the sample size is limited by the available
resources and cannot meet the requirements of the precision constraints, the determination of the
representative sample locations will become critical to obtaining more accurate soil maps. Additionally,
the recognition of representative samples is likely to reduce the sample size since it helps to eliminate
the non-representative samples. The study by An et al. [19] indicated that soil mapping results using
representative samples had comparable accuracies to conclusions that were produced using full samples.

Sampling design can provide a blueprint for selecting representative sample locations and
producing reliable inputs for soil mapping [37]. Most proposed sampling designs in soil mapping
create good spatial coverage on one region or good feature space coverage of the covariates for the
target soil attribute [11,16,26,30,38,39]. Meanwhile, most studies have improved the efficiency of
alternative sampling designs using a given mapping method [40–45]. For example, Heuvelink et al. [45]
optimized sample locations using spatial simulated annealing for kriging with an external drift. If we
use machine learning methods to produce soil maps, good spatial coverage may not be vital compared
to good coverage of the environmental covariates [26]. However, accurate interpolation results using
the sample data are very dependent on good geographic dispersion [43]. Nevertheless, in many
situations, we may not have determined the mapping method when implementing the sampling
designs. Thus, it is essential to develop a sampling design that is robust against deviations in modeling
assumptions. A sampling design that considers both good spatial coverage and feature space coverage
may be a reliable alternative to solve this issue.

Remote sensing technology can be objective and accurate enough to provide sufficient information
that is highly correlated with the target farm soil properties, including the normalized difference
vegetation index (NDVI), crop yield estimations, the leaf area index (LAI), and the digital elevation
model (DEM). For one farm field, the crop yield, NDVI, and LAI are intuitive reflections of soil
fertility, since good soil fertility often corresponds to high crop yield, the NDVI, and LAI. Remote
sensing crop yield estimation is also a vital issue in precision agriculture. Traditional crop yield
estimation technologies use agro-meteorological models, or they analyze the relationship between
remote sensing spectral bands or vegetation indexes (such as NDVI, EVI, GVI, SAVI, and LAI) and the
field-measured yields to forecast the crop yield in large agricultural regions [46–53]. However, these
methods are restricted by specific crop cultivars, crop growth stages, and geographical regions [54,55].
Crop models, such as the CERES-Wheat model [56], the WOFOST model [55,57,58], and the SWAP
(soil–water–atmosphere–plant) model [59], are good alternatives to solve the above problems since
they can simulate key physical, physiological, and soil processes, and they fully consider issues such as
abnormal weather conditions and natural disasters [60]. Thus, in recent years, the integration of remote
sensing technology and crop models has been the focus of crop yield estimation research [54,57,61,62].
For example, Cheng et al. [54] developed a simple yet effective method with fast algorithms to
assimilate the time-series HJ-1 A/B data into the WOFOST model, and the results demonstrated that
the proposed method could improve spring maize yield simulations. meanwhile, the DEM can partly
explain soil erosion and diffusion [38]. These remote sensing products are helpful in discerning
representative sample locations with good feature space coverage [63,64]. Thus, we could use these
products to optimize sample locations to achieve good feature space coverage when the samples are
also geographically well dispersed.

In this paper, we proposed a sampling design method considering both good spatial coverage
and feature space coverage to improve farm field-level soil mapping accuracy with limited sample
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sizes. First, the proposed method determined the optimal super-grid space by analyzing the influence
of different sized super-grid spaces on soil mapping accuracy, and then, this was compared to regular
grid sampling (good spatial coverage) and k-means sampling (good feature space coverage) using
visual and quantitative analysis of the soil mapping. The ordinary kriging (OK) method was employed
for farm field-level soil organic matter (SOM) mapping.

2. Material and Methods

2.1. Study Area and Dataset

The study area was Sheltara Farm, which is located in the northeast part of the Nei Monggol
Autonomous Region, China, where it covers an area of 595 km2 (Figure 1). Sheltara Farm intensively
exploits arable land, and commonly cultivated crops in this area include wheat, barley, rape, silymarin,
and potatoes. Due to climate limitations, the area’s cropping system is “one crop a year.” Crops are
planted in May and harvested in September. The elevation ranges from 488 to 771 m, and the central
and eastern areas have a relatively high relief. The climate is windy and rainless in spring, and it has
concentrated precipitation in the summer, with a rapid cooling and early frost in the autumn, as well
as a long duration of cold and snow cover in the winter. The average annual temperature ranges from
−5.9 to 5.9 ◦C, and the average annual precipitation ranges from 125 to 542 mm.
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Figure 1. Sheltara farm (left) and the tested farm field (right) for validating the proposed method. 
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The process of the proposed sampling design method could be described as follows. First, the 
minimum sampling unit, sample size, and super-grid size were determined. Second, the diversity 
index and area in each super-grid were calculated to determine the number of samples in every 
super-grid. Third, the sample locations were determined in each super-grid. The schematic of the 
proposed method is displayed in Figure 2. 
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First, the minimum sampling unit was determined. In this paper, a grid size of 20 ൈ 20 m2 was 
considered as the minimum sampling unit. Then, the fishnet with the minimum sampling unit was 
created using the Data Management Tools in ArcGIS 10.2, and the center of each fishnet was 
recognized as a candidate sampling point. The number of candidate sampling points in this tested 
field was 1759. Second, the limited sample size was determined. This paper set two percent of the 
number of candidate sampling points as the limited sample size, i.e., 36 sampling points. Finally, the 
super-grid size was determined. Note that the super-grid refers to one square region in which the 
length of its sides is larger than the interval between two candidate sampling points, and it is at least 
the double interval. To ensure good spatial coverage, one or more sampling points were required to 
be recognized in each super-grid. Thus, the number of super-grids could not exceed the sample size. 
In this study, the number of super-grids was between one and 36. In other words, the super-grid size 
ranged from 140 × 140 m2 to 800 ൈ 800 m2. To analyze the influence of super-grid size on sampling 
design, this paper compared the sampling design results using super-grid sizes of 200 × 200 m2, 300 

Figure 1. Sheltara farm (left) and the tested farm field (right) for validating the proposed method.

Farm field SOM content mapping was the main target of this paper, and the tested field was
70.2 ha in size. As a way to validate the proposed sampling design method, all the sampling and
validation points were the extracted values from one SOM map during the autumn of 2018, which we
used as the ground truth. The SOM map was obtained from the local soil experts of Sheltara Farm.
Note that the local soil experts collected 883 soil samples over the whole area of Sheltara Farm in the
autumn of 2018 to obtain the spatial distribution of the SOM content of the whole farm, and to form the
cultivation plan for the next year. The SOM map of Sheltara Farm was produced using the ordinary
kriging (OK) method and the 883 collected soil samples. The SOM content of these 883 soil samples
ranged from 28.71 to 65.54 g/kg, and the mean and standard deviation were 44.59 g/kg and 7.38 g/kg,
respectively. The prediction errors of the SOM mapping for the whole farm are displayed in Table 1.
Subsequently, the SOM map of the tested farm field was clipped from the predicted SOM map of
the whole farm, and it was used as the ground truth to test the proposed sampling design method.
The descriptive statistics of the tested farm field SOM map are shown in Table 1.
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Table 1. The prediction errors of the soil organic matter (SOM) mapping of the whole farm and the
descriptive statistics of the tested farm field SOM map.

The Prediction Errors of the SOM Mapping of the Whole Farm

Mean
(g/kg)

Root-Mean-Square
(g/kg)

Mean Standardized
(g/kg)

Root-Mean-Square
Standardized (g/kg)

Average Standard Error
(g/kg)

0.08 5.42 0.02 0.79 6.79

The Descriptive Statistics of the Tested Farm Field SOM Map

SOM
Content Min (g/kg) Max (g/kg) Median (g/kg) Mean (g/kg) Standard Deviation

(g/kg)

Tested field 42.86 44.75 43.94 43.89 0.45

The digital elevation model (DEM), slope, aspect, and crop yield could partly explain the spatial
variation of the SOM content; thus, these four environmental variables were used to optimize the
sample locations in the feature space. Table 2 displays the information on the SOM map taken in the
autumn of 2018 and the four environment variables in detail. The DEM data with a 30 m resolution
was downloaded from the Geospatial Data Cloud website (http://www.gscloud.cn/). For consistency
with the resolution of the crop yield data, the DEM data was resampled to 16 m using the nearest
neighbor assignment algorithm. The slope and aspect were calculated based on the resampled DEM
data using the 3D Analyst Tools in ArcGIS 10.2. The crop yield data in 2018 was from the Aerospace
Information Research Institute, Chinese Academy of Sciences. The remote sensing crop yield data was
produced by Meng Group using the WOFOST Model [54].

Table 2. The dataset characteristics of the tested field.

Dataset Spatial Resolution Time

Soil organic matter (SOM) map Raster, 16 m 2018
Digital elevation model (DEM) Raster, 16 m 2009

Slope Raster, 16 m 2009
Aspect Raster, 16 m 2009

Remote sensing crop yield data Raster, 16 m 2018

2.2. Sampling Design Method Considering Both Good Spatial Coverage and Feature Space Coverage

The process of the proposed sampling design method could be described as follows. First, the
minimum sampling unit, sample size, and super-grid size were determined. Second, the diversity
index and area in each super-grid were calculated to determine the number of samples in every
super-grid. Third, the sample locations were determined in each super-grid. The schematic of the
proposed method is displayed in Figure 2.

2.2.1. Determination of the Minimum Sampling Unit, Sample Size, and Super-Grid Size

First, the minimum sampling unit was determined. In this paper, a grid size of 20× 20 m2 was
considered as the minimum sampling unit. Then, the fishnet with the minimum sampling unit was
created using the Data Management Tools in ArcGIS 10.2, and the center of each fishnet was recognized
as a candidate sampling point. The number of candidate sampling points in this tested field was
1759. Second, the limited sample size was determined. This paper set two percent of the number of
candidate sampling points as the limited sample size, i.e., 36 sampling points. Finally, the super-grid
size was determined. Note that the super-grid refers to one square region in which the length of its
sides is larger than the interval between two candidate sampling points, and it is at least the double
interval. To ensure good spatial coverage, one or more sampling points were required to be recognized
in each super-grid. Thus, the number of super-grids could not exceed the sample size. In this study,
the number of super-grids was between one and 36. In other words, the super-grid size ranged from
140 × 140 m2 to 800 × 800 m2. To analyze the influence of super-grid size on sampling design, this
paper compared the sampling design results using super-grid sizes of 200 × 200 m2, 300 × 300 m2,

http://www.gscloud.cn/
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400 × 400 m2, 500 × 500 m2, 600 × 600 m2, and 700 × 700 m2. The approach to create a super-grid was
the same as creating the minimum sampling unit, as shown in Figure 3.
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Figure 3. The different sized super-grids in the tested field: (a) 200 × 200 m2, (b) 300 × 300 m2,
(c) 400 × 400 m2, (d) 500 × 500 m2, (e) 600 × 600 m2, and (f) 700 × 700 m2. The number is the
identification (ID) of the super-grid.
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2.2.2. Determination of the Number of Sampling Points in Each Super-Grid

To achieve good coverage of feature space, we believed that more sampling points were required if
the variation of the environment variables in one local field region was very high. This paper combined
the four local variation information of the DEM, slope, aspect, and crop yield to assess the variation of
the target soil attribute. First, the values of these four environmental variables were extracted using
candidate sampling points using the Spatial Analyst Tools in ArcGIS 10.2. Then, a standardization
procedure was applied to the environmental variables using the following formula:

Xi =
Xi −Xi_min

Xi_max −Xi_min
(1)

where Xi is environmental variable i and Xi_min and Xi_max are the lowest and highest values of
environmental variable i, respectively. Next, the variances of the normalized environmental variables
within one super-grid were calculated as follows:

vi =

n∑
j=1

(yij − yi)
2

n
(2)

where yi j is one of the values of environmental variable i within one super-grid, yi is the mean of the
values of environmental variable i within the super-grid, and n is the number of candidate sampling
points within the super-grid. Finally, the diversity index (DI) of the super-grid was calculated to assess
the variation of the target soil attribute as follows:

DI =

√√ n∑
i=1

v2
i (3)

where vi is the variances of normalized environmental variable i within one super-grid. The area of
the candidate sampling region in the super-grid is also the non-negligible element for determining
the number of samples in the super-grid. In this paper, the number of candidate sampling points in
the super-grid was regarded as the area (A). Then, the combination of DI and A was considered to
calculate the sample size (Nk) in each super-grid, as follows:

Nk = m ·
Ak ·DIk

n∑
k=1

Ak ·DIk

(4)

where m is the sample size discussed in Section 2.2.1, and Ak and DIk represent the area and diversity
index of super-grid k, respectively. Assume that one sampling point is enough to obtain the spatial
distribution of the SOM content within one farm field and that one farm has 1000 fields. One sampling
point is far from enough to achieve the reliable spatial distribution of the whole farm’s SOM content.
More sampling points are required for larger areas. In addition, two regions with the same area have
different spatial variations of their SOM contents. The region with a high SOM content variation
was called Region1, and the other was called Region2. Region1 required more sampling points than
Region2 to obtain satisfactory soil mapping results. The high target variable variation corresponded to
a high DI. Thus, more sampling points are necessary for a large area and high target variable variation,
wherein this paper used the product of Ak and DIk as the weight to determine the number of samples
for super-grid k. Note that the number of sampling points in each super-grid may not be an integer
when using Equation (4). In this situation, the number of sampling points is rounded up and should
satisfy the condition that at least one sampling point is recognized within one super-grid. Then, the
number of sampling points for all the super-grids are summed. If the result is greater than the given
sample size (i.e., 36 sampling points), then 36 sampling points are randomly selected from the sampling
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design after the sampling locations are determined (the detailed information is given in Section 2.2.3).
If the result is less than the given sample size, the super-grids with a decimal portion where Nk is less
than 0.5 will be ranked based on the decimal portion of Nks. The top-ranked super-grid(s) will add one
sampling point.

2.2.3. Determination of the Sampling Locations in Each Super-Grid

The SOM content can influence crop growth and fertile accumulation within one super-grid [19].
We do not have a priori knowledge of SOM content before designing soil sampling. To determine the
representative sample locations, some remote sensing productions that are highly correlated with the
target soil variable were used to help discern representative sample locations. Many studies have
shown high correlations between SOM and yield [65–67]. The relationship between SOM and yield
can be restricted by the interacting factors related to management, climate, and soil type. However, the
management of Sheltara farm involves mechanized unified crop cultivation, irrigation and fertilization,
and this paper selected one natural field to validate the proposed method for farm field-level soil
mapping. The tested field only grows one crop and its soil type is chernozem. It is believed that
the climate, temperature, and disaster conditions are similar in a limited field space (i.e., super-grid).
Thus, the SOM–yield relationship may have been less affected by the interacting factors related to
management, climate, and soil type within one super-grid. In general, high SOM content results in
high crop yield, whereas low SOM content leads to low crop yield within one super-grid. Hence,
the spatial variation of the crop yield reflect the spatial variation of the farm’s SOM content for a
limited field space, since the differences in the soil physio-chemical properties (texture, drainage, SOC,
carbonates, etc.) should be minimal in limited field space. The sampling locations could be determined
based on the remote sensing crop yield data due to the high correlation between the crop yield and
SOM content. First, the k-means algorithm [20,68–70] was applied to the environmental variable of the
remote sensing crop yield data to generate clusters within each super-grid. The number of clusters
was equal to the number of samples within the super-grid. Note that if the number of samples was
equal to 1, the operation of k-means clustering would be avoided.

Second, the approach of determining the sample locations within each super-grid could be defined
using the following rules. In the case of the number of sampling points being equal to 1, the mean
(M1) and median (M2) of the crop yields in each super-grid are calculated, and then the mean (M3) of
the crop yields between M1 and M2 is calculated. The candidate sampling point with a crop yield
that is closest to M3 within the super-grid is recognized as the sampling point. In the case that the
number of sampling points is greater than 1, the variance (v) of the crop yields of all the candidate
sampling points within the super-grid is calculated using Equation (2). Then, the desired variance
(DV) is calculated using the following formula:

DV =
v
N
·N1 (5)

where N is the number of sampling points within the super-grid, and N1 is the number of the candidate
sampling points within the super-grid. Next, one candidate sampling point is selected from each
cluster to create the sampling point groups within the super-grid, and the sampling point group with
a crop yield variance that is closest to the DV is regarded as the sampling point of the super-grid.
The sampling design of the farm field soil is the output after determination of the sample locations
within each super-grid.

2.3. Farm Field Soil Mapping and Evaluation

The ordinary kriging (OK) [26,30,71,72] method was employed to predict the SOM content of
the tested farm field. At present, OK is one of the most commonly used geostatistical tools for soil
nutrient predictions [30]. In this paper, OK was implemented using the Geostatistical Analyst tool in
ArcGIS 10.2.
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To validate the proposed sampling design method, we compared it to the regular grid sampling
method and the k-means sampling method [16,30]. The former ensures good spatial coverage, while
the latter provides good feature space coverage. We applied the mean absolute error (MAE) and root
mean square error (RMSE) to test the SOM content maps that were produced by the proposed method,
the regular grid sampling method, and the k-means sampling method. The MAE and RMSE can be
defined as follows:

MAE =

n∑
i=1

∣∣∣Ti − T̂i
∣∣∣

n
(6)

RMSE =

√√√√ n∑
i=1

(Ti − T̂i)
2

n
(7)

where Ti is the ground truth of the validation sample i, T̂i is the predicted SOM content value of sample
i, and n is the total number of validation samples.

The selection of the validation samples is very critical to obtaining objective evaluation results.
The validation samples containing the sampling points will produce higher accuracy for testing the
SOM content maps, resulting in a non-objective evaluation [19]. Thus, the sampling points that are
determined using the three sampling design methods must be moved from the candidate sampling
points before selecting the validation samples. Then, the validation samples are randomly selected
from the remaining candidate sampling points. The size of the validation sample is three times as large
as the sample size, i.e., 108 validation points. Since the validation samples were randomly chosen, we
repeated the selection process 200 times and generated 200 validation sample sets.

3. Results

3.1. Analysis of the Influence of Super-Grid Size for the Proposed Sampling Design Method

Since the sample size was restricted by resources, including field labor, soil physicochemical
analysis, and funding, this paper proposed a new sampling design method that recognized
representative sample locations to improve soil mapping accuracy for a limited sample size (i.e.,
36 sampling points in this paper). This method determined the appropriate super-grid size and then
assigned the limited sampling points to the super-grids based on the remote sensing data to identify
the representative sample locations.

As discussed in Section 2.2.1, this paper compared super-grid sizes of 200 × 200 m2, 300 × 300 m2,
400 × 400 m2, 500 × 500 m2, 600 × 600 m2, and 700 × 700 m2 and analyzed their soil mapping accuracy.
Table 3 shows the numbers of the candidate samples, the diversity indexes, and the number of sampling
points of different sized super-grids. Different super-grid sizes resulted in various DIs and numbers of
sampling points within one super-grid. For the 200 × 200 m2 super-grid, super-grids 6, 9, and 10 had
relatively higher DIs than the others. The number of samples ranged from 1 to 3, and super-grids 6
and 10 had the most samples. For the 300 × 300 m2 super-grid, super-grids 2, 4, and 5 had higher DIs
and more samples than the others. The number of samples ranged from 1 to 5. For the 400 × 400 m2

super-grid, the DIs of super-grids 1 and 3 were relatively higher. Additionally, they had more sampling
points. The number of samples varied from 4 to 9. For the 500 × 500 m2 super-grid, the super-grids 1
and 3 had higher DIs and a higher number of sampling points compared to the other super-grid IDs.
The number of sampling points was from 1 to 13. For the 600 × 600 m2 super-grid, super-grid 1 had
the highest soil variation, indicated by the highest DI. The number of samples ranged from 2 to 18.
For the 700 × 700 m2 super-grid, super-grid 1 had relatively higher DIs and the largest area, and thus,
its number of sampling points was more compared to the other IDs. The number of sampling points
ranged from 1 to 23. As the super-grid size increased, the difference in the number of sampling points
between the super-grids increased. It indicated that the spatial coverage gradually worsened, whereas
the feature space coverage improved as the super-grid size increased.



Remote Sens. 2019, 11, 1946 9 of 18

Table 3. The numbers of candidate sampling points (Ncan), the diversity indexes (DIs), and the numbers
of sampling points (Nsam) for the super-grids ranging from 200 × 200 m2 to 700 × 700 m2.

Super-
Grid ID

200 × 200 m2 300 × 300 m2 400 × 400 m2 500 × 500 m2 600 × 600 m2 700 × 700 m2

Ncan DI Nsam Ncan DI Nsam Ncan DI Nsam Ncan DI Nsam Ncan DI Nsam Ncan DI Nsam

1 29 0.04 1 126 0.08 3 273 0.1 6 + 1 471 0.12 12 720 0.11 18 1020 0.1 23
2 93 0.09 2 203 0.1 5 335 0.07 6 302 0.07 5 219 0.06 3 85 0.07 1
3 83 0.09 2 112 0.06 2 341 0.11 9 577 0.1 13 708 0.09 14 654 0.08 12
4 69 0.07 1 166 0.12 5 321 0.06 5 250 0.07 4 112 0.07 2 - - -
5 51 0.07 1 225 0.1 5 267 0.08 5 106 0.08 2 - - - - - -
6 100 0.12 3 107 0.06 2 222 0.07 4 53 0.05 1 - - - - - -
7 100 0.06 2 196 0.08 4 - - - - - - - - - - - -
8 83 0.05 1 225 0.08 4 - - - - - - - - - - - -
9 64 0.13 2 75 0.07 1 - - - - - - - - - - - -
10 100 0.12 3 123 0.07 2 - - - - - - - - - - - -
11 100 0.07 2 164 0.06 3 - - - - - - - - - - - -
12 67 0.07 1 37 0.05 1 - - - - - - - - - - - -
13 77 0.08 2 - - - - - - - - - - - - - - -
14 100 0.09 2 - - - - - - - - - - - - - - -
15 100 0.05 1 - - - - - - - - - - - - - - -
16 54 0.07 1 - - - - - - - - - - - - - - -
17 91 0.06 1 - - - - - - - - - - - - - - -
18 100 0.09 2 - - - - - - - - - - - - - - -
19 100 0.07 2 - - - - - - - - - - - - - - -
20 39 0.06 1 - - - - - - - - - - - - - - -
21 30 0.08 1 - - - - - - - - - - - - - - -
22 46 0.09 1 - - - - - - - - - - - - - - -
23 64 0.06 1 - - - - - - - - - - - - - - -
24 19 0.05 1 - - - - - - - - - - - - - - -

By calculating the sum of the numbers of sampling points for all super-grids, the numbers of
sampling points within the farm field using super-grids that ranged from 200 to 700 m were 37, 37,
35, 37, 37, and 36, respectively. The reason that some calculated sample sizes were not equal to the
given limited sample size (i.e., 36 sampling points) was that the sampling number in each super-grid,
as calculated by Equation (4) may not be an integer. According to Section 2.2.2, 36 sampling points
were randomly chosen from the sampling design results that were produced by the 200 × 200 m2,
300 × 300 m2, 500 × 500 m2, and 600 × 600 m2 super-grids after determination of the sampling locations.
For the 400 × 400 m2 super-grid, super-grid 1 added one sampling point.

Finally, the sample locations within each super-grid were determined based on the rule described
in Section 2.2.3. Figure 4 shows the clustering results based on the crop yield information and the
distribution of the sampling points. The distribution of the sampling points of the 200× 200 m2 super-grid
provided better spatial coverage compared to distributions of other different sized super-grids.
As the super-grid size increased, the good spatial coverage decreased, and the environmental covariate
information was given more weight to determine the sample locations.

The purpose of soil sampling is to produce precise SOM content maps. To analyze the impact
of the super-grid size on SOM content mapping accuracy, the six groups of sampling points that
were generated by the different sized super-grids were input into the ordinary kriging (OK) model.
The validation results are displayed in Figure 5. Note that the 108 validation samples were randomly
selected after the six groups of sampling points were removed from the candidate sampling points in
the farm field, and the process was repeated 200 times. The MAE that was obtained by the 400 × 400 m2

super-grid was smaller than the MAE obtained by the other super-grid sizes. The average RMSE
that was obtained by the 400 × 400 m2 super-grid was the smallest among the six results. Thus, the
400 × 400 m2 super-grid generated a higher accuracy compared to the other different sized super-grids,
and it was regarded as the optimal super-grid size in this paper.

3.2. Comparison to Other Sampling Design Methods for Farm Field Soil Mapping

To demonstrate the effectiveness of the proposed method, the results of the sampling design using
the proposed method, the regular grid sampling method, and the k-means sampling method were
compared, as shown in Figure 6. Figure 6b shows good spatial coverage, whereas Figure 6c shows
good feature space coverage. Compared to Figure 6b,c, Figure 6a shows a better trade-off between
good spatial coverage and feature space coverage. Table 4 displays the descriptive statistics of the
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SOM contents of farm field soil samples that were produced using the three sampling design methods.
The sampling points produced by the proposed method had a smaller minimum value and a larger
maximum value and standard deviation of the SOM content compared to the values of the other two
methods. Moreover, the maximum SOM contents of the sampling points that were generated by the
other two methods were significantly smaller than the contents of the proposed method. According
to Table 1, the sampling design results generated by the proposed method had similar descriptive
statistics with respect to the min, max, and standard deviation of the SOM content using the tested farm
field SOM map (the ground truth). It indicated that the sampling points produced by the proposed
method seemed to be more representative than the points produced by the other two methods.
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Figure 4. The clustering results based on the crop yields that were produced using the WOFOST model
and the distribution of the sampling points in the tested field that were produced by the different sized
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and (f) 700 × 700 m2.
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Table 4. The descriptive statistics of the SOM contents of the farm field soil samples that were produced
by the three sampling design methods.

Sampling Method Min (g/kg) Max (g/kg) Median (g/kg) Mean (g/kg) Standard Deviation (g/kg)

Proposed method 42.86 44.74 43.86 43.81 0.45
Regular grid 42.87 44.51 43.99 43.9 0.44

k-means 42.89 44.51 44.02 43.92 0.44

To further validate the proposed sampling method, the predicted SOM content maps using the
three groups of samples are shown in Figure 7, and the validation results are displayed in Figure 8.
The trends in the SOM content variations of these three mapping results were similar. The SOM content
was low in the southwest region of the tested farm field, whereas it was high in the northeastern region.
In the southeastern region, the SOM content variation of Figure 7a was similar to that of Figure 7c,
whereas Figure 7b had a lesser area with large SOM contents. In the middle-eastern part of this farm
field, the predicted SOM contents of Figure 7b,c were lower than that of Figure 7a. The quantitative
results (Figure 8) showed that the MAE and RMSE of the proposed method were significantly lower
than the results of the other two competitive methods. The MAE of the regular grid sampling method
was lower than that of the k-means sampling method, whereas the former had a slightly lower RMSE
compared to the latter. It indicated that the proposed method was superior to the other two methods
and that the regular grid method performed better than the k-means method in the tested farm field.
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4. Discussion

With the increasing requirements of precision agriculture for massive and various kinds of data, the
data acquisition process has evolved from truth-surveying to sensors [73]. Remote sensing technology
can provide a convenient approach to acquire the necessary data for precision agriculture, such as
calculating the NDVI and LAI. The accurate determination of spatial variability of the target soil
variable is a critical issue in precision agriculture. Thus, the selection of representative soil samples for
higher soil mapping accuracy was the main focus of this paper. Traditional farm field soil sampling only
considers good spatial coverage, ignoring the impact of good feature space coverage of the covariates
on the farm field soil mapping accuracy. Some remote sensing measures, such as the NDVI and crop
yield estimations, can explain the variation of the farm field’s target soil variable. These measures can
be used as covariates to recognize the representative soil samples for good feature space coverage.
In this paper, we collected the crop yield data produced using the WOFOST model, DEM, slope,
and aspect as the covariates. In the future, we will explore the potential use of more remote sensing
measures for farm field soil sampling, such as gross primary production (GPP) and LAI.

This paper developed a sampling design method considering both good spatial coverage and
feature space coverage for farm field-level soil mapping. Good feature space coverage can be achieved
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by assessing the aforementioned remote sensing measures. In this paper, good spatial coverage was
achieved using the super-grid. However, the selection of the appropriate super-grid size is important
in forming a satisfactory sampling design. Thus, this paper compared the influence of six different
super-grid sizes (i.e., 200 × 200 m2, 300 × 300 m2, 400 × 400 m2, 500 × 500 m2, 600 × 600 m2, and
700 × 700 m2) on the soil mapping accuracies. Figure 5 shows that the soil mapping accuracy of
the 400 × 400 m2 super-grid was the highest, as indicated by the lowest MAE and average RMSE.
A possible reason may be that the 400 × 400 m2 super-grid balanced the potential trade-offs between
good spatial coverage and good feature space coverage. Thus, the balance of good spatial coverage
and good feature space coverage for one sampling design must be carefully preserved.

As described in Section 1, the determination of sample size and sample locations are critical to
obtaining reliable soil mapping results. Large sample sizes are likely to result in higher soil mapping
accuracy than small sample sizes [35]. Vasat et al. [35] analyzed the influence of the sample size
on variogram parameters and believed that at least 50 samples were required to produce reliable
interpolation results in a farm field with an area of 24-ha. However, the available resources and
precision requirements are usually in conflict when we determine the sample size. In most cases,
the sample size is restricted by available resources. Thus, the focus of this paper was to recognize
representative sample locations at a given limited sample size to improve soil mapping accuracy.
This paper selected two percent of all the candidate sampling points as the given limited sample size,
and we compared the proposed method with two other sampling design methods (i.e., regular grid
sampling and k-means sampling) to demonstrate the effectiveness of the proposed method. Note that
the determination of two percent of all the candidate sampling points satisfied the limited sample size
precondition. It is not guaranteed that this is a sufficient enough sample size to obtain highly accurate
soil mapping results. In the future, the influence of the sample size on soil mapping accuracy using the
proposed method will be further explored.

In the proposed method, the diversity index (DI) was critical in determining the number of
sampling points. Undoubtedly, different environmental covariates should have different weights
when calculating the DI, since they have different relationships with the target variable. However,
we do not have a priori knowledge of the relationship between the environmental covariates and the
target variable. Thus, this paper gave the same weight to different environmental covariates when
computing the DI. To further improve the proposed method, the correlation coefficients between
these environmental covariates and the target variable were calculated based on the soil samples that
were collected in that year and then regarded as the weights of the environmental covariates when
calculating the DI. Then, the improved method was used to form the sampling design for the next year,
and the results were compared to the results of the original method to validate the effectiveness.

The experimental results (Figures 7 and 8) demonstrated that the proposed method had more
potential for selecting representative soil samples that produce more precise soil mapping results
compared to regular grid sampling and k-means sampling at limited sample sizes. The former of the
two competitive methods considers good spatial coverage, and the latter considers good feature space
coverage. These results demonstrated the superiority of the balance of good spatial coverage and
good feature space coverage in good sampling design. In addition, Figure 8 shows that the regular
grid sampling method resulted in better soil mapping accuracy than the k-means sampling method.
A possible reason may be that the OK method was used for soil mapping in this paper. The OK is a
regression algorithm for spatial modeling and prediction (interpolation) of stochastic processes/fields
based on a covariance function. Thus, the sampling design resulting in good spatial coverage may
generate more precise soil maps compared to that with only good feature space coverage when using
the OK method as the mapping method.

An interesting phenomenon was observed in Figure 5, in which the MAE and RMSE did not show
a trend as the super-grid size increased. As shown in Figure 5, the 400 × 400 m2 and 600 × 600 m2

super-grids generated lower average MAE values and wider-ranging RMSE values compared to other
different sized super-grids. A possible reason may be that only one sampling point was recognized
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within certain super-grids and this did not occur in the sampling design results that were generated by
these two super-grids (Table 3). As described in Section 2.2.3, the rules for determining one sampling
point location and multiple sampling point locations within one super-grid are different. The results of
that the 400 × 400 m2 and 600 × 600 m2 super-grid generated lower average MAE values indicated that
the rule for recognizing multiple sample locations is superior to that for recognizing one sample location
in producing reliable SOM content mapping results. However, the more ranges of RMSE values in the
400 × 400 m2 and 600 × 600 m2 super-grids indicated the instability of the rule in recognizing multiple
sample locations to obtain reliable SOM mapping results. In addition, the 500 × 500 m2 super-grid
resulted in the largest prediction error, as indicated by the highest MAE and RMSE values. This result
revealed the poor robustness of the rule in determining representative sample locations. Nevertheless,
the proposed method was significantly better compared to the other two sampling design methods
(Figure 8). In the future, the rule for determining sample locations will be further improved to obtain
more reliable SOM content mapping results.

The proposed method focused on representative sample selection for farm field-level soil mapping
with a limited sample size. In general, a single crop is planted within one farm field. Crop yield
variations can greatly reflect the variation of the SOM contents within one super-grid. However, if
we want to map the farm-level target soil variable content, the proposed method may not be suitable.
Different types of crops may grow on one farm. The crop type should be distinguished before applying
the proposed method since different crops have different crop yield ranges. The maximum of one crop
yield may be in a range between the minimum and mean of another crop yield. It may cause confusion
when we use the k-means to cluster the crop yields to determine the sample locations if we do not
distinguish the crop types.

5. Conclusions

In this paper, we proposed a sampling design method with both good spatial coverage and feature
space coverage for precise farm field-level soil mapping for a limited sample size. The super-grid
helps to achieve good sample dispersion in geographical space, and some remote sensing products,
which are highly correlated with target farm soil properties (i.e., the SOM content in this paper), are
helpful in achieving good sample dispersion in the feature space. First, the influence of the super-grid
size on SOM content mapping was analyzed, and the OK method was embedded to conduct the soil
mapping. The experimental results showed that the 400 × 400 m2 super-grid had the highest SOM
content mapping accuracy. Then, to further validate the proposed method, we compared it to the
regular grid sampling and k-means sampling, where the former provided good spatial coverage, while
the latter provides good feature space coverage. The quantitative results indicated that the proposed
method had more potential for recognizing the representative soil samples that produce more precise
SOM content maps. In the future, we will explore the possibilities of more remote sensing products for
farm field soil sampling, the farm-level soil sampling method, and the soil mapping method.
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