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An optimized two-stage spatial sampling scheme for winter
wheat acreage estimation using remotely sensed imagery
Di Wang, Zhao-Liang Li, Qing-Bo Zhou, Peng Yang and Zhong-Xin Chen

Key Laboratory of Agricultural Remote Sensing, Ministry of Agriculture and Rural Affairs, Beijing, China;
Institute of Agricultural Resources and Regional Planning, Chinese Academy of Agricultural Sciences,
Beijing, China

ABSTRACT
Timely and reliable information on crop acreage is essential for for-
mulating grain productionpolicies andensuring national food security.
The combination of available satellite-based remotely sensed images
and traditional sampling methods offers the possibility of improved
crop acreage estimation at a regional scale. Due to the administrative
convenience, reduced survey cost and workload, two-stage sampling
haswidely beenused for crop acreage survey at the large-scale regions.
However, compared with single-stage sampling, the two-stage sam-
pling can introduce larger estimation errors, since it has multiple
sampling stages. This study’s aim is to optimize the two-stage sampling
scheme using satellite-based remotely sensed imagery to improve the
accuracy of crop acreage estimation. Taking Mengcheng County,
Anhui Province, China, as the study area, this study explored the
influence of stratum boundary and sample selection method on the
sampling efficiency at the first sampling stage, analysed the impact of
sample size on population extrapolation accuracy and then optimized
the sample size of the second sampling stage using crop thematicmap
retrieved by ALOS (Advanced Land Observing Satellite) AVNIR
(Advanced Visible light and Near Infrared Radiometer)-2 images in
2009. The results showed that the relative error (RE), coefficient of
variation (CV), standard error (SE) of population extrapolation, and
sampling fraction (f) using the cumulative square root of frequency
(CSRF) method is the minimum among three methods for the stratum
boundary determination at the first sampling stage, followed by the
equal interval (EI) and equal sample size (ESS) method. Moreover, the
RE, CV, and SE of population extrapolation using the ST sampling
method is the minimum, compared with simple random (SI) and
systematic (SY) sampling method. Therefore, the sampling scheme of
the first stage can be optimized by CSRFmethod for stratumboundary
determination and stratified sampling (ST) sampling method for sam-
ples selection. At the second sampling stage, RE and CV values of
population extrapolation decrease as the sample size increases.
Comprehensively considering the accuracy, stability of population
extrapolation and sampling cost, the most cost-effective sample size
for estimating thewinterwheat acreage of the study area is 4. From the
perspective of the reasonable selection of sample selection methods,
sample size and determination of stratum boundaries, this study pro-
vides an important basis for formulating a cost-effective two-stage
spatial sampling scheme for crop acreage estimation.
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1. Introduction

Timely and reliable information on crop acreage is essential for ensuring national
food security (Chhikara, Houston, and Lundgren 1986; Quarmby 1992; Reynolds,
Yitayew, and Slack 2000; Tao, Masayuki, and Zhan 2005; Song et al. 2017). In China,
the traditional multilevel list sampling method (in which sample counties are drawn
from the provinces, and then sample villages are drawn from the sampled counties,
and finally sample households are drawn from the sampled villages) has been
employed by the national statistical department to acquire crop acreage data since
1984 (National Bureau of Statistics of the People’s Republic of China 2002). However,
the problems facing the list sampling survey include the facts that the update rate of
the sampling frame is too slow and that because spatial information on crop plant-
ings has not been used in the sampling survey, the survey results are easily influ-
enced by human operators. Consequently, the accuracy and timeliness of crop
acreage data remain poor.

As a modern spatial information acquisition technique, satellite-based remotely sensed
imagery, owing to its real-time and wide coverage, has the unique advantage of providing
continuous space–time information on crop cultivation and growth at various regional
scales. Therefore, such imagery has been widely exploited to monitor crops and associated
environmental variables (Mahey et al. 1993; Cihlar 2000; Cohen and Shoshany 2002;
Ramankutty et al. 2008; Thenkabail et al. 2009; Portmann, Siebert, and Dool 2010; You
et al. 2014). Although crop acreage information is often acquired through the identifica-
tion of crop types using satellite observation data, because of the restricted availability of
satellite-based remotely sensed data and the diversity of cropping systems, crop recogni-
tion using remotely sensed imagery remains a technical challenge. In order to achieve
accurate and timely crop monitoring, satellite-based remotely sensed data have often
been combined with classical sampling methods – that is, spatial sampling – to estimate
crop acreage over a large region (Gallego, Delince, and Rueda 1993; Gonzalez et al. 1997;
Tsiligrides 1998; Delince 2001; Gallego 2012; Das and Singh 2013; Stehman 2014).

The use of satellite data in the formulation of a sampling scheme for crop acreage
estimation was introduced in the early 1970s. The Large Area Crop Inventory Experiment
(LACIE), conducted jointly by the United States Department of Agriculture (USDA) and
the National Aeronautics and Space Administration (NASA) in 1974, is a typical example.
Satellite images were used to derive a thematic map of wheat distribution, and this was
the basis of a stratified sampling scheme (Macdonald and Hall 1980). More recent
projects include the Agriculture and Resource Inventory Surveys through Aerospace
Remote Sensing (AGRISARS) (Benedetti et al. 2010) and the Monitoring Agriculture
with Remote Sensing (MARS) project sponsored by the European Union (EU). The latter
used stratified sampling to monitor and estimate the acreage of 17 crops. In that project,
satellite images were employed to formulate a stratification scheme and to measure
crop acreages within the sampled units (Gallego 1999; Carfagna and Gallego 2005).

Although stratified sampling is a common choice for sampling surveys, for crop acreage
estimation at a large-scale, two-stage sampling may be more appropriate in many
practical situations. Advantages include its convenient sampling frame formulation, flex-
ible sample selection process, and reduced survey labour (Stehman et al. 2009). In the
Land Use/Cover Area Frame Statistical Survey (LUCAS) programme, also sponsored by the
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EU, the efficiencies of simple random sampling, stratified sampling, and two-stage sam-
pling were quantitatively evaluated. Two-stage sampling was ultimately chosen to esti-
mate the acreage of major crops in 15 EU member countries (Jacques and Gallego 2006;
Gallego 2004; Gallego and Bamps 2008). Stratified two-stage sampling and satellite-based
remotely sensed data continue to be used in combination by the National Agricultural
Statistics Service (NASS) of the United States (US) for monitoring and estimating staple
crops acreages across the country (Fisette et al. 2013; Boryan, Yang, and Mueller 2011).
Based on the spatial sampling design used in the US and the EU, Pradhan (2001)
developed an operational system in which two-stage sampling, remote sensing (RS) and
a geographic information system (GIS) were combined to estimate the crop acreage in
Hamadan Province, Iran. To decrease the sampling cost and field survey workload, a
stratified, two-stage cluster sampling design was proposed by Song et al. (2017) for
collection of field data for national soybean area estimation in the US.

Although two-stage sampling has been widely used to estimate crop acreages over
large regions, however, studies on sampling scheme optimization (population stratifica-
tion, sample selection method and sample size) at each stage remain very rare. This
impedes the further improvement of the spatial sampling efficiency for crop acreage
estimation. Since multiple sampling stages may introduce larger estimation errors than
single-stage sampling (e.g., simple random sampling, stratified sampling), with the aid of
satellite-based remotely sensed imagery, the main objectives of this study were to (i)
analyse the influence of the population stratification and sample selecting methods on
the sampling efficiency at the first sampling stage; (ii) investigate the impact of sample
size on the population extrapolating accuracy at the second sampling stage; and (iii)
propose an optimized two-stage spatial sampling scheme to improve the sampling
survey efficiency of the winter wheat acreage.

2. Materials and methods

2.1. Study area

Mengcheng County is located in the northwest of Anhui Province, China (32°55′29″ – 32°
29′64″ N, 116°15′43″ – 116°49′25″ E), and has a total land area of 2,091 km2. This includes
1.53 × 105 ha of cultivated land. Mengcheng County has a subhumid continental
monsoon climate and four distinct seasons. The annual average temperature is 14.7°C,
the average frost-free period is 216 days, and the average annual precipitation is
872.4 mm. Priority is given to the cultivation of food crops, and cash crops are supple-
mental. Food crops include wheat, maize, rice, soybeans, and cotton. Winter wheat is the
most important food crop in Mengcheng County and occupies around 70% of the total
cultivated land in the study area.

2.2. Data

The experimental data comprise two parts: (1) Basic geographic data, the administrative
boundary data for Mengcheng County (originally with a scale of 1:250,000 and in a
vector format); and (2) Spatial crop distribution data, the spatial distribution of winter
wheat in 2009. These latter data are derived from an ALOS (Advanced Land Observing
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Satellite) AVNIR (Advanced Visible light and Near Infrared Radiometer)-2 image (number:
162,652,930; date: 12 February 2009; spatial resolution: 10 m). Figure 1 shows the spatial
distribution of winter wheat in the study area in 2009.

2.3. Design of spatial two-stage sampling scheme

2.3.1. Design of sampling units
We employed a two-stage stratified sampling design for estimating winter wheat acre-
age within the study area. For the second stage, in which a field survey was conducted
to determine the winter wheat area in the sampled units, and after considering a
reasonable ground survey workload, we chose a 500 m × 500 m grid as the secondary
sampling unit (SSU). In the first stage, a 5 km × 5 km block was selected as the primary
sampling unit (PSU). These sizes met three criteria. Firstly, an applicable sample size for
the first stage sampling can be acquired using the size. Secondly, the sampling schemes
of each stage can be easily optimized using the satellite-based remotely sensed data.
Thirdly, the number of SSUs within each PSU can be an integer. The entire study area
was divided into a regular grid of 5 km × 5 km blocks (that is, PSUs), with a total of 113
PSUs, and then each PSU was divided by a square grid such that each PSU uniformly
contains 100 SSUs. The spatial distribution of PSUs and SSUs covering the study area is
shown in Figure 2. It is important to note that although some PSUs, such the PSUs
numbered as 24, 42, 51, 60, 101, and so on, are partially covered by the administrative

Figure 1. Spatial distribution of winter wheat in Mengcheng County in 2009.

INTERNATIONAL JOURNAL OF REMOTE SENSING 2017



boundary of the study area, there is still some winter wheat in the covered regions
belonging to these PSUs. In order to accurately estimate the winter wheat acreage in the
whole study area, these PSUs should be included in the sampling frame.

Figure 2. The spatial distribution of PSUs and SSUs covering the study area. Blue hollow boxes
denote the PSUs, and small black hollow boxes denote the SSUs.

2018 D. WANG ET AL.



2.3.2. The sampling scheme at the first stage
In designing a stratified sampling scheme to select the sample PSUs, we first needed an
effective stratification criterion. The winter wheat acreage percentage (WAP) for every
PSU was calculated based on the distribution data of winter wheat in the study area in
2009. This was chosen as the stratification criterion because there is a clear correlation
between WAP and winter wheat area (that is, the target variable). We then used three
methods to formulate the boundary of each stratum. They were the equal interval
method (EI), the equal sample size method (ESS), and the cumulative square root of
frequency method (CSRF). Because the dispersion variance of winter wheat acreage
across all the PSUs was not large, we sorted them from the smallest to the largest
WAP and then divided the population into four strata. For the EI stratification method,
the differences of WAP across each stratum are equal. For the ESS method, the numbers
of population units in each stratum are as equal as possible. The CSRF method,
described by Du (2005) and Bhagia, Rajak, and Patel (2011), is used to calculate the
boundary of each stratum by calculating the WAP within one PSU, and the occurrence
frequency of WAP in each (5%) statistical interval. The reference stratum boundary (RSB)
is equal to the cumulative square roots of the occurrence frequency of WAP divided by
the number of strata, and using the RSB and the number of strata, the actual stratum
boundary can be determined (see Table 1). Table 2 shows the stratum definition, for
winter wheat acreage estimation in the study area, using the three stratification meth-

Table 1. Population stratification using the CSRF method.

No. WAP (%) f(z)
ffiffiffiffiffiffiffiffi
fðzÞp P ffiffiffiffiffiffiffiffi

fðzÞp
RSB

1 1–5 10 3.16 3.16
2 5–10 4 2.00 5.16
3 10–15 3 1.73 6.89
4 15–20 4 2.00 8.89
5 20–25 3 1.73 10.63 10.26
6 25–30 2 1.41 12.04
7 30–35 2 1.41 13.45
8 35–40 3 1.73 15.19
9 40–45 3 1.73 16.92
10 45–50 5 2.24 19.15
11 50–55 1 1.00 20.15 20.53
12 55–60 12 3.46 23.62
13 60–65 12 3.46 27.08
14 65–70 13 3.61 30.69 30.79
15 70–75 14 3.74 34.43
16 75–80 12 3.46 37.89
17 80–85 10 3.16 41.06 41.06
Stratum boundary RSB ＝

P ffiffiffiffiffiffiffiffi
f ðzÞp

/L = 41.06/4 = 10.26

f(z) is the occurrence frequency of WAP in the sampling frame; RSB is the abbreviation of reference
stratum boundary; L is the numbers of strata.

Table 2. Stratum definition using three stratification methods for winter wheat acreage estimation.
EI ESS CSRF

Stratum
Range of WAP

(%)
Number of

PSUs
Range of WAP

(%)
Number of

PSUs
Range of WAP

(%)
Number of

PSUs

1 0 – 20.69 22 0 – 35.70 29 0 – 22.21 24
2 21.57 – 42.16 10 39.53 – 62.16 28 26.30 – 52.68 16
3 44.05 – 63.01 29 62.32 – 73.31 28 56.51 – 69.60 37
4 64.25 – 84.36 52 73.32 – 84.36 28 70.67 – 84.36 36
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ods. The spatial distributions of the PSUs belonging to different strata, using the three
stratification methods, are shown in Figure 3.

In addition to the stratified sampling (ST) method, we also used the simple random (SI)
and systematic sampling (SY) methods to select the sample PSUs and then to extrapolate
the sample results to the full population of PSUs. For SI sampling, the pseudo-random
number method is used to select the samples. The process of sample selection is as
follows: First, all PSUs are encoded in 1 – N order using ArcGIS 10.2 software. Second,
pseudo-numbers with a maximum upper boundary identical to the sample size are
generated by Statistical Product and Service Solutions (SPSS 16.0) software. Finally, PSUs
are chosen as samples if their codes match the random number generated by SPSS. SI
sampling is also used to draw the samples belonging to each stratum for the ST method.
In SY sampling, all PSUs are sorted in ascending order of ID numbers. A sampling interval k
is then determined, equal to the integer value of the population size N divided by the
sample size n. If the population is divided into n sections, then every section includes k
PSUs. One PSU is selected randomly from the k PSUs in the first section as the starting
point, and another PSU is selected every k units until n PSUs have been chosen. Figure 4
shows the spatial distribution of the sample PSUs selected using the three sampling
methods. Using each of the three sampling methods, a simple estimator, which means
that the sample arithmetic mean is served as the estimator of the population mean, is
used to extrapolate the sample results to the whole PSU population and estimate the
error. Sample size, population values (i.e. acreage), and the sampling error can be
calculated as described by Cochran (1977). Specifically, for the SI and SY sampling, the
sample size is calculated according to Equation (1) – (4). For the ST sampling, the sample
size is calculated by Equation (2) and Equation (5) – (7).

n0 ¼ t
r

� �2 S2

�Y2 (1)

n ¼ n0
1þ n0

N

(2)

�Y ¼ 1
N

XN
i¼1

Yi (3)

S2 ¼ 1
N

XN
i¼1

Yi � �Yð Þ2 (4)

n0 ¼
P

WhSh
2

V
(5)

V ¼ r�Y
t

� �2

(6)

Wh ¼ Nh

N
(7)
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Figure 3. Spatial distributions of PSUs belonging to different strata using three stratification
methods. (a) EI method; (b) ESS method; and (c) CSRF method.
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Figure 4. The spatial distribution of the sampled PSUs selected by three sampling methods. (a) SI
sampling method; (b) SY sampling method; (c) ST sampling method based on CSRF stratification. For
the SI and SY method, brown boxes denote selected PSUs. For the ST method, blue hollow boxes
denote selected SSUs.

2022 D. WANG ET AL.



where n0 is the initial sample size; t is the degree of sampling probability (when the
confidence level is 95%, t is equal to 1.96); r is the relative error (10% is used in this
study); S2 is population variance; �Yis the population mean; n is modified sample size
(when n0/N > 0.05, n0 is modified according to Equation (2)); N is the population size;
andYi is the winter wheat acreage proportion in the ith population unit; Nh is population
size in the hth stratum; Sh

2 is the variance of population units in the hth stratum; V is the
upper limit of the estimated variance of sample mean; Wh is the weight of population
units in the hth stratum.

To evaluate quantitatively the efficiencies of the three methods, we chose relative
error (RE), the coefficient of variation (CV), and standard error (SE) as indicators and
ensured that the sample size was the same for the three sampling methods. The RE and
SE are estimated using Equation (8) and Equation (9), respectively, and CV is calculated
using Equation (10) (Cochran 1977; Du 2005):

RE ¼ Ŷ � Y
�� ��

Y
� 100% (8)

SE ¼
ffiffiffiffiffiffiffiffiffiffi
v Ŷ
� �q

(9)

CV Ŷ
� � ¼

ffiffiffiffiffiffiffiffiffiffi
v Ŷ
� �q
Ŷ

� 100% (10)

where Y is the true value of the population total, which can be obtained by calculating
the winter wheat acreage in all PSUs based on the spatial distribution data for winter
wheat in 2009; Ŷ is the estimate of population total, which is different for every sampling

method; CV Ŷ
� �

is the CV of the population total estimator; and v Ŷ
� �

is the unbiased
estimate of the variance of the population total estimator.

2.3.3. The sampling scheme at the second stage
To simplify the process of population extrapolation and error estimation for the two-
stage sampling scheme, the SI method was used to select the sample SSUs. With SI
sampling, the only element that can be optimized in the second stage is the sample size
m. The optimal m can be calculated using Equation (11) (Du 2005):

mopt ¼ S2ffiffiffiffiffiffiffiffiffiffiffiffiffiffi
S21 � S22

M

q ffiffiffiffi
c1
c2

r
(11)

S2 ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
N M� 1ð Þ

XN
i¼1

XM
j¼1

Yi;j � �Yi
� �2vuut (12)

S21 ¼
1

N� 1

XN
i¼1

�Yi � �Y
� 	2

(13)
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�Yi ¼ 1
M
Yi (14)

�Y ¼ 1
N

XN
i¼1

�Yi (15)

Yi ¼
XM
j¼1

Yi;j (16)

where mopt is the optimal sample size at the second stage; S1
2 is the variance of winter

wheat acreage between the PSUs; S2
2 is the variance of winter wheat acreage within all

the PSUs; N is the number of all PSUs; M is the number of SSUs within one PSU; Yi,j is the
winter wheat acreage of the jth SSU in the ith PSU, it can be measured by overlapping
the winter wheat spatial distribution data of the study area and the square grid that
makes up the SSU; Yi is the winter wheat acreage of i-th PSU; �Yi is the mean of the winter

wheat area of all SSUs in the i-th PSU; �Y is the mean of the winter wheat area of all SSUs;
c1 is the cost of winter wheat retrieving in a sampled PSU using one ALOS AVNIR
remotely sensed imagery. Since the price of an image is about 2960 China Yuan, c1 is
then thought as this price. c2 is the ground survey cost of winter wheat in one sampled
SSU, and it is approximately 185 China Yuan, considering the labour cost of measuring
the winter wheat acreage within a SSU. Since c1 and c2 are 2960 and 185 China Yuan,
c1c2

−1 is approximately 16 in this study.
If the calculated mopt is not a positive integer, then it must be rounded to the

nearest integer. The rules for rounding off the mopt are as follows: Assuming that
m0 is the integral part of mopt, (a) if m2

opt � m0 m0 þ 1ð Þ, then mopt ¼ m0 þ 1; (b) if

m2
opt � m0 m0 þ 1ð Þ, then mopt ¼ m0; (c) if mopt � M or S21 � S22

M <0, then mopt ¼ M.
After mopt was determined, based on the procedures above, we additionally formulated

several sample sizes for the second- stage sampling scheme to verify that the calculated
mopt is indeed optimal. To ensure the stability of population extrapolation using the
selected SSUs, five sets of samples were drawn for every designed sampling size.

As we used a stratified two-stage sampling design, we also used a stratified two-stage
estimator to extrapolate the population and to estimate the errors. The estimated
population total and its variance were calculated using Equation (17) and Equation
(18) (Du 2005):

Ŷst ¼
XL
h¼1

NhMh

 !
�yst (17)

v Ŷst
� � ¼ XL

h¼1

NhMh

 !2

v �yst
� �

(18)

�yst ¼
PL

h¼1 NhMh�yhPL
h¼1 NhMh

¼
XL
h¼1

Wh�yh (19)
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Wh ¼ NhMhPL
h¼1 NhMh

(20)

�yh ¼
Pnh

i¼1

Pmh
j¼1 yh;i;j

nhmh
(21)

v �yst
� � ¼XL

h¼1

W2
h

1� f1h
nh

s21h þ
f1h 1� f2hð Þs22h

nhmh

� �
(22)

f1h ¼ nh
Nh

(23)

f2h ¼ mh

Mh
(24)

s21h ¼
1

nh � 1

Xnh
i¼1

�yh;i � �yh
� 	2

(25)

s22h ¼
1

nh mh � 1ð Þ
Xnh
i¼1

Xmh

j¼1

yh;i;j � �yh;i
� 	2

(26)

�yh;i ¼ yh;i
mh

(27)

�yh ¼
Pnh

i¼1

Pmh
j¼1 yh;i;j

nhmh
(28)

yh;i ¼
Xmh

j¼1

yh;i;j (29)

where Ŷst is the estimate of population total for the stratified two-stage sampling; v Ŷst
� �

is the unbiased estimate of the variance of the population total estimator; L is the
number of the stratum at which the population is stratified at the first stage; h is the
stratum number, h = 1,2, . . ., L; Wh is the weight of the h-th stratum; Nh is the number of
PSUs in the h-th stratum; Mh is the number of SSUs included in each PSU in the h-th
stratum; yh,i,j is the winter wheat area of the j-th selected SSU in the i-th sampled PSU
belonging to the h-th stratum; f1h is the sampling fraction of the h-th stratum at the first
stage; f2h is the sampling fraction of the h-th stratum at the second stage; s1h

2 is the
variance of the winter wheat area between all sampled PSUs in the h-th stratum; s2h

2 is
the variance of the winter wheat area between all sampled SSUs in the h-th stratum; yh,i
is the sum of winter wheat area of the sampled PSUs in the h-th stratum; and �yh is the
mean of winter wheat area of all sampled SSUs in the h-th stratum.
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3. Results

3.1. The influence of stratum boundary on the efficiency of the stratified
sampling scheme at the first sampling stage

To assess the influence of stratum boundary on the efficiency of the stratified sampling
scheme at the first sampling stage, the results of population extrapolation and error
estimation using three methods for determining stratum boundaries were compared.
Table 3 summarizes the calculated sample size and estimated errors for the three
stratification methods, on the basis of the same designed relative error RE and the
degree of sampling probability t. The RE and CV are all small (less than 6%), indicating
that the required sample size for achieving this accuracy is less than 23. In other words,
the f is less than 20% when any of the three types of stratification are used in the first
stage to extrapolate population and to estimate errors. Furthermore, when the RE, CV,
SE, and f using the three methods to extrapolate population are sorted from the smallest
to the largest, it can be seen that the four values (RE, CV, SE, and f) are minimized using
the CSRF method, followed by the EI and ESS methods. This indicates that the accuracy
of population extrapolation is the highest when the CSRF stratified sampling method is
used to estimate the winter wheat acreage of the study area. Moreover, as the f using
the CSRF method is the smallest, the sampling cost is also the lowest. In summary,
evaluating the accuracy and cost of a sampling survey for the winter wheat area
estimation, CSRF is the most efficient of the three stratification methods.

3.2. Comparison of different sample selection methods at the first stage

Within a two-stage sampling approach, optimization of the sampling scheme of the first
stage is more important than that of the second stage (Du 2005). To improve further the
sampling efficiency of the first stage, besides the stratification method, the sample
selection method should also be optimized. Table 4 summaries the results of population

Table 3. Summary of calculated sample size and estimated errors results for three methods for
determining stratum boundaries.
Method Stratum na Nb fc (%) RE (%) CV (%) SE

EI 1 3 22 13.64 - - -
2 2 10 20.00 - - -
3 5 29 17.24 - - -
4 8 52 15.38 - - -

Sum 18 113 15.93 4.18 2.42 34495307.08
ESS 1 6 29 20.69 - - -

2 5 28 17.86 - - -
3 5 28 17.86 - - -
4 6 28 21.43 - - -

Sum 22 113 19.47 5.79 2.57 36059065.17
CSRF 1 4 24 16.67 - - -

2 2 16 12.50 - - -
3 5 37 13.51 - - -
4 5 36 13.89 - - -

Sum 16 113 14.16 3.46 1.99 28543310.99
a Sample size.
b Population size.
c Sampling fraction.
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extrapolation and error estimation using three sample selection methods to estimate the
winter wheat acreage of the study area. When the sample size is identical for the three
sample selection methods, the RE, CV, and SE values using the ST sample selection
method are the smallest, followed by the SY and SI methods. This indicates that the
accuracy of population extrapolation is best when the ST method is used to select the
samples during the first sampling stage. In Paragraph 3.1, we established that the
optimal ST method is CSRF stratified sampling. Therefore, we can identify the CSRF
stratified sampling method as the optimal method for estimating the winter wheat area
at the first sampling stage of the two-stage sampling scheme.

3.3. Influence of sample size on the relative error and CV of population inference
at the second sampling stage

Based on the calculation procedure mentioned in Paragraph 2.3.3, the optimal sample size
(that is mopt) of the second stage is found to be 4 in each selected PSU. To verify whether
the calculatedmopt is indeed optimal for the second-stage sampling survey, we also tested
eight other sample sizes: 2, 3, 5, 6, 7, 8, 9, and 10. Figure 5 shows the RE and CV of
population extrapolation using the nine different sample sizes in the second sampling
stage and the CSRF stratified sampling method is used at the first sampling stage. It can
be seen that the RE and CV values decrease as the sample size increases. The changes in
RE and CV with sample size can be summarized into two phases. In the first phase, as the
sample size increases from 2 to 4, RE and CV decrease rapidly from more than 20% to less
than 5%. In the second phase, although the sample size increases from 4 to 10, the
reduction of RE and CV is very small. In addition, the standard deviations of RE and CV
change in a similar way with the sample size. This indicates that when considering
accuracy, reliability of population extrapolation, and sampling survey cost, the most
cost-effective sample size for estimating the winter wheat acreage of the study area is
4, which confirms that the calculated mopt is indeed the optimal sample size for the
second sampling stage. Taking 2, 4, 6, 8, and 10 as examples of sample size, Figure 6
shows the spatial distribution of s PSUs elected by the CSRF stratified sampling method
and SSUs for these five levels of sample size. For the optimal sample size, it can be seen in
Figure 6(b) that, because the sampled PSUs containing these SSUs overlap the boundary
of the study area, some sampled SSUs are located outside the administrative boundary of
Mengcheng County. Therefore, these SSUs do not need to be surveyed, which reduces the
field survey cost and workload. A total of 16 sampled SSUs are found in Figure 6(b) to be
located outside the boundary of the study area. Consequently, the number of SSUs that
need to be investigated on the ground is only 48.

Table 4. Results of estimated errors of population total for three sample selection methods.
Sample selection method n N f (%) RE (%) CV (%) SE

SI 16 113 14.16 7.75 11.65 183029601.20
SY 16 113 14.16 6.90 10.14 155387549.64
ST 16 113 14.16 3.46 1.99 28543310.99
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Figure 5. RE and CV of population extrapolation for nine sample sizes. Every diamond point in the
figure denotes the mean value based on five sets of samples.

2028 D. WANG ET AL.



4. Discussion

Crop acreage information is essential for formulating national food policies and eco-
nomic planning. The combination of satellite-based remotely sensed imagery and tradi-
tional sampling methods provides an effective way for crop acreage estimation at the
regional scale. Compared with single-stage sampling (e.g., simple random sampling,
stratified sampling, and so on), two-stage sampling is more suitable for crop acreage
survey at the large-scale regions, due to its convenient sampling frame formulation,
flexible sample selection process and reduced survey workload. However, using the two-
stage sampling can introduce larger estimation errors than single-stage sampling, since
it has multiple sampling stages. To improve the accuracy of crop acreage estimation, this
study analysed the influence of stratum boundary and sample selection method on the
sampling efficiency at the first sampling stage and optimized the sample size of the
second sampling stage using crop thematic map retrieved by ALOS AVNIR imagery. The
results indicated that the RE, CV, SE and f of population extrapolation using the CSRF

Figure 6. Spatial distributions of the selected PSUs and SSUs for five levels of second-stage sample size.
(a) Sample size is 2; (b) sample size is 4; (c) sample size is 6; (d) sample size is 8; (e) sample size is 10.
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method to determine the stratum boundaries is the minimum at the first sampling
stage, followed by the EI and ESS method, when the stratification criterion, stratum
numbers are the same in the three methods. Moreover, compared with SI and SY
sampling method, the RE, CV, and SE of population extrapolation using the ST sampling
method that the CSRF method is employed to calculate the stratum boundaries is the
minimum, when the sample size is the same among the three sample selection meth-
ods. At the second sampling stage, RE and CV values of population extrapolation
decrease as the sample size increases. Comprehensively considering the accuracy, the
stability of population extrapolation and sampling cost, the most cost-effective sample
size for estimating the winter wheat acreage of the study area is 4. Overall, from the
perspective of the reasonable selection of sample selection methods, sample size and
determination of stratum boundaries, this study provides an important basis for for-
mulating a cost-effective two-stage sampling scheme for crop acreage estimation, based
on satellite-based remotely sensed imagery.

Due to the administrative convenience, reduced survey cost and workload, two-stage
sampling may be more appropriate survey scheme for the crop acreage estimation in
the large-scale regions where a satisfactory sampling frame of the ultimate units is not
available. Although the two-stage sampling combined with satellite-based remotely
sensed imagery have widely been employed to estimate the crop acreage in many
previous studies, however, these studies mainly focus on how to formulate a simple and
feasible sampling frame or reduce the workload of the samples field survey using the
two-stage sampling. For example, in order to quickly estimate the annual changes of
main crops acreage in 15 EU member countries, two-stage sampling was combined with
SPOT (Systeme Probatoire d’ Observation de la Terre) remotely sensed imagery to
construct an available sampling frame and extrapolate the population values of crops
acreage in LUCAS programme (Gallego and Bamps 2008). To date, stratified two-stage
sampling has still been used by NASS for monitoring and estimating staple crops
acreages across the country, due to its administrative convenience and cost-efficiency
(Boryan et al. 2014). Recently, Song et al. (2017) put forward to a stratified two-stage
sampling scheme for estimating national soybean acreage across the US (United States),
in order to reduce the cost and workload of the sample ground survey. Compared with
these previous studies, we not only took full advantage of the two-stage sampling to
estimate crop acreage at the regional scale, but also optimized the sampling scheme
from the perspective of stratum boundary, sample selection methods and sample size at
each sampling stage to further improve the accuracy of crop acreage estimation, which
is the innovation aspect of this study.

Crop planting structures and spatial distributions generally vary between regions;
moreover, they may become more complex as the regional scale increases. To improve
the applicability of this study, more research is required to verify the efficiency of this
optimized two-stage sampling method for crop acreage estimation and explore the crop
spatial distribution characteristics in other and larger crop-producing regions. Using the
satellite-based remotely sensed imagery, this study analysed the influence of stratum
boundary, sample selection methods and sample size on the efficiency of the sampling
scheme and proposed the optimized sampling scheme at each stage, which thus
provides an important basis for improving the efficiency of the sampling survey for
crop acreage estimation. However, besides the stratum boundary, sample selection
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methods, there are some components, such as sampling unit size of PSU and SSU,
stratification criterion, sample layout et al., to be taken into account in the design of
two-stage sampling scheme. Therefore, a study that analyses the influence of these
components on the efficiency of two-stage sampling for crop area estimation will be a
future research focus.

5. Conclusions

This study shows that the RE, CV, SE and f of population extrapolation using the CSRF
method is the minimum among three methods for the stratum boundary determination at
the first sampling stage, followed by the EI and ESS method. Moreover, the RE, CV and SE of
population extrapolation using the ST sampling method is the minimum, compared with SI
and SY sampling method. Therefore, the sampling scheme of the first stage can be
optimized by CSRF method for stratum boundary determination and ST sampling method
for samples selection. At the second sampling stage, RE and CV values of population
extrapolation decrease as the sample size increases. Comprehensively considering the
accuracy, the stability of population extrapolation and sampling cost, the most cost-
effective sample size for estimating the winter wheat acreage of the study area is 4.
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