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Abstract: Wheat plays an important role in China’s and the world’s food supply, and it is closely
related to economy, culture and life. The spatial distribution of wheat is of great significance to
the rational planning of wheat cultivation areas and the improvement of wheat yield and quality.
The current rapid development of remote sensing technology has greatly improved the efficiency of
traditional agricultural surveys. The extraction of crop planting structure based on remote sensing
images and technology is a popular topic in many researches. In response to the shortcomings
of traditional methods, this research proposed a method based on the fusion of the pixel-based
and object-oriented methods to map the spatial distribution of winter wheat. This method was
experimented and achieved good results within Shandong Province. The resulting spatial distribution
map of winter wheat has an overall accuracy of 92.2% with a kappa coefficient of 0.84. The comparison
with the actual situation shows that the accuracy of the actual recognition of winter wheat is higher
and better than the traditional pixel-based classification method. On this basis, the spatial pattern of
winter wheat in Shandong was analyzed, and it was found that the topographic undulations had a
great influence on the spatial distribution of wheat. This study vividly demonstrates the advantages
and possibilities of combining pixel-based and object-oriented approaches through experiments, and
also provides a reference for the next related research. Moreover, the winter wheat map of Shandong
produced in this research is important for yield assessment, crop planting structure adjustment and
the rational use of land resources.

Keywords: winter wheat; Sentinel-2; fusion method; Google Earth Engine; Shandong Province

1. Introduction

Wheat is an important grain crop which plays an important role in agricultural pro-
duction and has a profound impact on economic development [1]. Wheat is the grain crop
with the widest distribution, the largest cultivated area and the highest production in the
world [2,3]. Its global perennial planting area accounts for 32% of the world’s cereal area,
and its total production accounts for about 30% of the world’s total cereal production [4,5].
As one of the world’s three major grain crops, wheat plays an important role in the dietary
structure of many other countries, such as China [6]. Therefore, the study of the spatial
distribution of winter wheat is very significant for ensuring food security, safeguarding
people’s livelihood and even promoting economic development [7,8].

Appl. Sci. 2024, 14, 3940. https://doi.org/10.3390/app14093940 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app14093940
https://doi.org/10.3390/app14093940
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0003-4604-4319
https://doi.org/10.3390/app14093940
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app14093940?type=check_update&version=1


Appl. Sci. 2024, 14, 3940 2 of 17

Remote sensing data are widely used in research related to wheat and other crop
identification due to its wide coverage, fast update time and good spatial and temporal
continuity [7,9,10]. The traditional extraction of information on cropland or crops is mainly
based on the statistical method of field survey, which requires a large amount of human
and material resources [11]. In contrast, agricultural information extraction based on
remote sensing technology can achieve near real-time results and can be implemented on a
large scale, which greatly improves efficiency and reduces costs [12]. Most of the current
remote sensing-based wheat identification methods are implemented from the single pixel-
based or object-oriented perspective [13,14]. Both methods have their own advantages,
but crop extraction results based on a single perspective often have more obvious defects.
For example, although pixel-based methods are more efficient, the classification results
inevitably show “salt-and-pepper” noise [15,16], which requires post-processing, and it
is not easy to smooth the results while maintaining quality. Conversely, object-oriented
methods can obtain relatively smooth classification results, and better accuracy has been
obtained in many previous studies [16,17]. However, it is difficult to obtain high accuracy
results for crops with similar spectra, especially for some areas with a complex surface
environment, such as lack-classification [18]. With the respective characteristics of the two
methods, this research proposed a fusion method that combines the advantages of pixel-
based and object-oriented classification methods to obtain better classification accuracy. The
fusion strategy has been mentioned in some previous studies [19,20], but in related studies,
the final result was to constrain the pixel-based classification with the image segmentation
objects in terms of majority voting [18,21]. In this paper, finer constraint rules were used to
optimize the classification results while preserving the fine features obtained from pixel-
based classification. Specifically, on the basis of retaining the fine information extracted
based on the pixel, the subsequent processing is changed to the image object produced by
image segmentation to improve the accuracy. The fusion method not only improves the
efficiency, but also obtains higher quality spatial distribution maps of winter wheat.

Shandong Province, as one of China’s major agricultural provinces, has held the first
place for a long time in the added value of agricultural production [22,23]. It is also a
large province for winter wheat cultivation, accounting for about 17% of the national
winter wheat cultivation area, which is the second largest after Province Henan [24].
Given the importance of Shandong in winter wheat cultivation and the current status
of remote sensing technology in agriculture, it is particularly important to use remote
sensing technology to monitor winter wheat cultivation over a large area and multiple time
periods [25,26]. The application of the proposed fusion method in Shandong, a region with
complex and highly specialized terrain, helps to identify the deficiencies and limitations
of the existing extraction method. This will also promote the further improvement of the
method and provide research cases and data support for other related studies.

This paper is organized as follows. Section 2 describes the study areas, datasets and
methods. Section 3 focuses on the evaluation and analysis of the results. Section 4 presents
a further discussion of the study, and some conclusions are given in Section 5.

2. Materials and Methods
2.1. Study Area

Shandong Province is located in the eastern part of the North China Plain (Figure 1), in
the lower reaches of the Yellow River, and is also an eastern coastal province bordering the
Bohai and Yellow Seas [27,28]. The land area of the province is 155,800 square kilometers,
accounting for about 1.6% of the total land area of the country [29,30]. The topography of
Shandong is characterized by a high elevation in the center, hills and plains interspersed
in the east, and plains dominating in the west, with the plains of Shandong Province
accounting for 65.56% of the entire land area [31,32]. Shandong belongs to the warm
temperate monsoon climate type, there is rain and heat at the same time, the precipitation
is sufficient and concentrated, light resources are abundant, and the heat conditions of
the province can meet the demand of the crop biannually [33]. With suitable climatic and
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favorable topographical conditions, Shandong is one of the major grain crops producing
areas in China. Winter wheat is one of the major grain crops in the province [25]. In 2021,
the sown area of winter wheat reached 23,567 thousand hectares, accounting for 16.95% of
the national sown area of winter wheat, and it is the main planting area of winter wheat
after Henan [26]. The growing period of winter wheat in Shandong is about 220 to 270 days,
with seeding about between September and October, and stops growing in December of
the same year to enter a dormant period [34]. From February to March of the following
year, as temperatures rise, wheat re-enters the green growth period. It enters the jointing
stage in early April, the heading stage in April and May, and the final maturity and harvest
in June [35].
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Figure 1. The geographical location, city boundaries, topography in Shandong Province.

2.2. Data Used
2.2.1. Satellite Data

The Sentinel-2 series of Earth observation satellites is an important part of the Coper-
nicus program promoted by the European Space Agency (ESA) and the European Com-
mission [36]. The observation of the Earth’s surface to provide relevant telemetry services
is its main operational mission. Sentinel-2 has two satellites, Sentinel-2A and Sentinel-2B,
which were launched and put into operation in 2015 and 2017, respectively [37]. Each
satellite in the Sentinel-2 series carries the same multi-spectral instrument (MSI), a sensor
that covers reflectance data in 13 wavelength bands from the visible, near-infrared to the
short-wave infrared, enabling the acquisition of multi-resolution, multi-spectral remote
sensing images [38,39]. The revisit cycle is shortened to 5 days when both satellites are
working simultaneously. In mid-latitude regions with better observation angles, the satel-
lite revisit period can be reduced to 2 to 3 days, which is very favorable for constructing
long-time sequence images [40,41].

2.2.2. Ground Reference Data

The sample data used in this research consist of two main components: the ground
survey points and the portion labeled based on this visual interpretation of ultra-high
resolution Google historical imagery. The sample points represent the crop attributes of the
plot where the location is located. Ground sampling points are collected during various
field activities to accurately record their location and attribute information. Based on the
characteristics of real ground sample points, we create random points within Shandong.
The random points are further interpreted by combining the existing field sample points
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and ultra-high-resolution images from Google Earth, resulting in a total of 938 sample point
datasets, including 656 training samples and 282 validation samples (Figure 2).
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Figure 2. The spatial distribution of the samples and the ultra-high-resolution images with real
conditions in different growth periods of winter wheat.

2.3. Methodology

Based on the time-series Sentinel-2 imagery, this research proposed a winter wheat
extraction method that combines pixel-based and object-oriented methods for the unique
topography and cultivation characteristics of Shandong Province. The methodological
workflow consists of the following three steps, as shown in Figure 3. At first, based on the
Google Earth Engine (GEE) platform, the Sentinel-2A images from October 2019 to June
2020 are selected and pre-processed with de-cloud, clipping and fusion to form a monthly
image data collection. Then, rules are formulated to integrate the results of pixel-based
classification and object-oriented image segmentation to obtain the optimal classification
results. Finally, the final winter wheat extraction results are evaluated by calculating the
confusion matrix.
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2.3.1. Image Collection and Pre-Processing

The data processing in this research is mainly based on the GEE platform because it
not only provides a variety of remote sensing image data, including Sentinel-2, but also
pre-processes most of the raw data in bulk [42]. The Sentinel-2 Level-2A (L2A) image
provided by GEE has already completed the spatial and atmospheric corrections [43,44].
It can be used directly through the catalogue “COPERNICUS/S2_SR” for the next step
of processing and analysis. This significantly reduced the amount of computation and
increased the rate of data use. On the basis of Sentinel-2 L2A, only de-clouding, clipping
and splicing are needed to build the corresponding time-series datasets.

It is known that winter wheat in Shandong is usually sown in October of the previous
year and harvested in June of the following year. Thus, images covering the entire growth
period of winter wheat in 2020 (October 2019–June 2020) were selected for winter wheat
identification in this research. Firstly, a total of 1702 Sentinel-2 L2A images with less than
50% cloud cover for this period were filtered on the GEE platform. Then, the effects of
clouds and other poor observations were excluded by the QA60 band, which is specially
designed for storing cloud obscuration information [10,45]. On this basis, a monthly
image collection (9 images in total) was composited on a monthly basis to characterize the
temporal variability of the winter wheat. In this process, the monthly images that still have
gaps due to the influence of clouds are complemented with the images of that month in the
adjacent year [46,47]. At the same time, the nearest-neighbor resampling method was used
to resample six bands with a 20 m resolution to a 10 m resolution to ensure a consistent
spatial resolution. A high-quality Sentinel-2 time-series image collection with a complete
coverage of Shandong was finally created.

2.3.2. Pixel-Based and Object-Oriented Fusion Methods

In this research, winter wheat was identified based on temporal-spectral information.
Firstly, 10 bands of 9 monthly Sentinel-2 images, which are B2, B3, B4, B8, B5, B6, B7, B8A,
B11 and B12, were selected to construct the temporal-spectral feature set. In addition, the
following vegetation indices which are sensitive to crop identification in previous related
experiments were added [29,48,49]: the Normalized Difference Vegetation Index (NDVI),
the Land Surface Water Index (LSWI), the Soil-Adjusted Vegetation Index (SAVI) and the
Normalized Differential Phenology Index (NDPI), and detailed information is shown in
the Table 1.

Table 1. The selected spectral indices in this research and their expressions.

Indicators Expressions References

NDVI NDVI = ρNIR−ρR
ρNIR+ρR [50]

LSWI LSWI = ρNIR−ρSWIR2
ρNIR+ρSWIR2 [51]

SAVI SAVI = (ρNIR−ρR)
(ρNIR+ρR+0.5) × (1 + 0.5) [52]

NDPI NDPI = ρNIR−(0.74×ρR+0.26×ρSWIR1)
ρNIR+(0.74×ρR+0.26×ρSWIR1) [53]

Many previous studies have shown that the random forest is one of the most im-
portant and efficient supervised classification methods [54,55], so this algorithm was also
used in this study to extract winter wheat. The random forest is a robust voting decision
algorithm by integrating multiple independent decision trees trained on samples to ob-
tain predictions [43,56]. It is well integrated on the GEE platform now, and is available
through ‘ee.Classifier.smileRandomForest’. In the GEE, a total of six parameters were set
for this algorithm, which are “numberOfTrees”, “variablesPerSplit”, “minLeafPopulation”,
“bagFraction”, “maxNodes” and “seed”. In general, the number of decision trees in the
random forest can be decided through multiple tests to achieve higher accuracy while
ensuring classification efficiency [54]. In this research, the optimal number of decision
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trees was selected by constructing a tree determining function, setting the range and split
interval to repeat the operation, cycling the operation and outputting the accuracy change
in the random forest classification. The other parameters in the classifier are generally set
as default values.

The identification of winter wheat in this study was based on 9 views of high-quality
monthly imagery obtained from the data pre-processing in the previous section. Overall,
10 spectral bands and 4 important vegetation indices were collected in the research, result-
ing in a feature set of 126 spectral-temporal features. This feature set was input into the
random forest classifier. After repeated experiments, the number of trees in the random
forest was set to 200, and finally resulted in the initial winter wheat spatial distribution
of Shandong.

The object-oriented classification method is a popular classification method for many
researchers nowadays, and it is also widely used in crop information extraction [55,57]. The
object-oriented approach is based on the image objects clustered by homogeneous pixels for
classification, which can eliminate the “salt and pepper” effects by reducing the fragmenta-
tion of classification units [58]. Moreover, it can make full use of the spectral, spatial and
textural information of the images, and improve the classification accuracy. Considering
the respective advantages of pixel-based and object-oriented approaches, this research
proposed to integrate pixel-based classification with object-oriented image segmentation
in order to achieve a complementary effect. Specifically, this research generated image
objects through the image segmentation algorithm provided by the GEE, and optimized
the pixel-based classification results by the image objects.

The SNIC algorithm is a mature and efficient image segmentation algorithm on the
GEE platform, which is available as ‘ee.Algorithms.Image.Segmentation.SNIC’ [16,59]. The
advantage of this algorithm is that the image segmentation results can be adjusted by
changing the input segmentation parameters. The main parameters are size, seedsize,
compactness, connectivity and neighborhoodsize [60]. Among them, “size” refers to the
pixel-based spacing of superpixel seed positions, that is, segmentation size. “Seedsize” is the
superpixel seed position spacing. “Compactness” defines the shape of the clusters, meaning
that the larger its value, the closer the segmentation result is to a square. “Connectivity”
takes continuity into account based on the merging of neighboring clusters. And the
“neighborhoodsize” is to avoid tile boundary artifacts. Based on the actual situation of
cropland in Shandong and combined with several parameter adjustment experiments,
the best parameters’ combination was finally obtained as “size” = 10, “seedsize” = 15,
“compactness” = 0, “connectivity” = 8 and “neighborhoodsize” = 256.

Finally, the pixel-based classification and the image objects obtained from SNIC seg-
mentation were integrated based on the following rules. The main strategy of these rules
is to improve the classification accuracy by redefining the pixel values within each object.
These rules have been repeatedly experimented and verified to be reasonable, and the
details are as follows:

If >80% of the pixels in an object have the same attribute value, then it is final for the
whole object;

If <20% of the pixels in an object have an attribute value, then the value is removed
from the object and assigned to the most abundant one;

If none of the above conditions are satisfied, the pixel-based classification results will
be retained, which may result in the existence of winter wheat and non-winter wheat pixels
in an object.

This fusion strategy retains the advantages of the pixel-based classification method
while fully considering the characteristics of object-oriented methods. As a result, it
eliminates pixel-based classification noise while maintaining a spatial correlation between
pixels, which greatly improves the accuracy of classification.
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2.3.3. Accuracy Assessment

For the results of winter wheat extraction, this study used independent validation
samples to calculate the confusion matrix for evaluation. The Overall Accuracy (OA), User’s
Accuracy (UA), Producer’s Accuracy (PA), F1-score (Equation (1)) and Kappa coefficient
can be obtained by calculating the confusion matrix, which can be used to evaluate the
results in multiple perspectives.

F1-score = 2 × PA × UA
PA + UA

(1)

3. Results and Analysis
3.1. Random Forest Feature Importance

Figure 4 presents the importance of different features which were output after the
successful completion of classification. It is helpful to explore which features play an
important role in the classification process. As shown in Figure 4a, the top four features in
terms of importance are LAWI, NDPI, NDVI and SAVI. It can be seen that the vegetation
index played more positive effects during winter wheat mapping. Figure 4b shows the
influenceability of all features counted on a monthly basis, which clearly demonstrates
that images from June, October, February and January are more effective for winter wheat
identification. October and June are during the sowing and harvesting of wheat, and the
wheat plots may be in a state of no vegetation cover while other vegetation is still growing
densely. The winter wheat in January and February is around the period of the green-up
and jointing stage [29]. Wheat will come into growth earlier relative to other vegetation. In
summary, the wheat in these four months generally has unique characteristics that differ
from other plots.
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3.2. Spatial Distribution of Winter Wheat in Shandong

In this research, based on time-series Sentinel-2 data, a classification method combining
pixel-based and object-oriented approaches was followed, and the spatial distribution map
of winter wheat in Shandong with a resolution of 10 m was finally generated. As shown
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in Figure 5, a large area of wheat cultivation is concentrated in the northwestern plain,
the southwestern plains and the JiaoLai plains of Shandong. In addition, winter wheat in
Shandong is more concentrated in areas where economic development is relatively lagging
behind, such as Heze, Dezhou, Liaocheng, Jining and Weifang, etc., and their winter wheat
planting area accounts for about 57% of the province. As a whole, the spatial distribution
of winter wheat shows more in the west and less in the east, and is uniformly dense in
the west and sparsely scattered in the east. The spatial distribution pattern has obvious
geographical characteristics. From the perspective of the spatial distribution of the river
systems, winter wheat is concentrated in the Yellow River Basin, Huaihe River Basin and
Haihe River Basin, with a small amount in the Peninsula Basin. This distribution pattern
can make full use of irrigation resources.
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3.3. Assessment of the Winter Wheat Map

The accuracy of winter wheat mapping was assessed using the validation samples.
The confusion matrix calculation showed that the OA of the winter wheat map was 92.2%
and the Kappa coefficient was 0.84 (Table 2). In addition, the F1-score for the winter wheat
map was 0.96.

Table 2. The confusion matrix of winter wheat map.

Classification
Validation Samples

Winter Wheat Others Total UA (%)

Winter wheat 134 14 148 0.91
Others 8 126 134 0.94
Total 142 140 282

PA (%) 0.94 0.90

In addition, we compared with some of the currently available datasets of winter
wheat to more objectively evaluate the accuracy of winter wheat identification. They are the
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30-m winter wheat maps in China (ChinaWheat30) [61] and the first 10-m resolution maps
of winter wheat over China (ChinaWheat10) in 2020 [62]. It can be seen from Figure 6 that
compared to the 30 m resolution ChinaWheat30, the 10 m resolution ChinaWheat10 and
the winter wheat maps produced in this research showed more details, like rivers, roads,
etc. From the comparison in the first row, it can be seen that the classification results of the
three maps are roughly the same, and especially the ChinaWheat10 results are the most
detailed and credible. However, we can still see that in the complex landcover conditions
and in the hilly areas (the second and third rows), the Shandong winter wheat map gives
better results, is more consistent with the reality and allows more complete wheat cropping
plots to be obtained.
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4. Discussion
4.1. Key Points and Strengths of the Fusion Method

The integration method proposed in this study is mainly focused on pixel-based
classification, image segmentation, and the organic combination of these two. Image seg-
mentation is in fact the aggregation of neighboring homogeneous pixels into a computing
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unit to reduce the “pretzel effect” in the pixel-based classification process [63]. Then, the
aggregation effect of this computational unit will directly affect the results of object-oriented
classification, so the reasonableness of the image segmentation parameter settings is par-
ticularly important [60]. In this study, the setting of image segmentation parameters is
optimized and adjusted in repeated experiments. As can be seen in Figure 7b, the image
segmentation results under the control of this parameter combination well segmented most
of the boundaries of the cultivated land. Whether it is flat farmland or irregular cropland
parcels in the hills, it can be effectively separated from villages, woodlands and major roads,
etc., which also provided a good basis for the next fusion method.
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(c1,c2,c3,c4) and final result produced by the integration method (d1,d2,d3,d4).

In Figure 7a, the ultra-high resolution RGB image from the MAPWORLD of Shandong
Province is specifically employed to show the real surface situation more clearly. Figure 7b is
the Sentinel-2 image during the peak growing season of winter wheat, and the image object
layer is segmented based on it. Figure 7c is the pixel-based classification result. Figure 7d
is the final winter wheat recognition under the implementation of the fusion method.
From the accuracy assessment, the overall accuracy of the pixel-based and object-oriented
classification results was 89.5% and 90.6%, while the final winter wheat map obtained
by the fusion method is 92.2%, which was improved by 2.7% and 1.6%. Although the
improvement is not very significant from the data, the fusion method is very advantageous
by observing the actual classification results. From Figure 7c, it is obvious that the pixel-
based classification result has a large number of fragmented pixels, most of which are
misclassified. Meanwhile, more regular and accurate plots of cultivation were formed
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under the constraints of image segmentation objects. It has greatly reduced the pretzel effect
produced by pixel-based classification and optimized the classification results. Especially
in the hilly areas of south-central Shandong, the advantages of this method are more
significant. In addition, the comparison showed that the winter wheat acreage derived
from the fusion method was closer to the official statistical yearbook data, with a difference
of only 3%, while the overestimation of the pixel-based method was 12%. This also indicates
in another way that the fusion method gives more accurate results.

4.2. Factors Influencing the Distribution of Winter Wheat

The spatial distribution of crops is affected by various elements, such as topographic
relief, temperature and precipitation, irrigation water source, soil type, etc. [64,65]. Consid-
ering the geographic location and cultivation patterns, this study found that the topographic
relief and irrigation water sources have a significant effect on the winter wheat cropping
structure in Shandong.

At first, topographic relief is an important restrictive element for crop cultivation,
especially for provinces with a special topography like Shandong. It was found that the
spatial distribution of winter wheat is closely related to the topography. As shown in
Figure 8, winter wheat is mainly distributed in the plains, and it is most densely and
evenly distributed in the area below 30 m in elevation. Winter wheat is also distributed
in the area with an elevation range of 30 to 70 m, but it is relatively scattered. In addition,
there is a small amount of them distributed in the area above 70 m in elevation, which
is very fragmented. Figure 9a gives a better illustration of the three-dimensional spatial
distribution of winter wheat. In addition, as shown in Figure 9b, the vast majority of wheat
is distributed in areas with slopes less than 1. The main reason for this distribution is that
the modern agriculture is based on mechanization from sowing, irrigation to harvesting
and the monitoring of the growth process. Areas with large topographic relief not only
restrict the operability of mechanization, but also are not conducive to irrigation. Therefore,
altitude and topographic relief have an important influence on the distribution of winter
wheat in Shandong.
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Figure 8. Spatial distribution of croplands in relation to its topography.
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Figure 9. Distribution of winter wheat in three-dimensional space, (a) refers to the distribution over
elevation and (b) refers to the distribution over different slopes.

Secondly, crop cultivation in Shandong Province is heavily influenced by irrigation
resources as it is in the temperate monsoon zone, where precipitation is abundant but
relatively concentrated. River irrigation is an important irrigation channel, and crop
cultivation is often spread along rivers [66]. In different growth periods, abundant water
has different yield-enhancing effects on winter wheat. As shown in Figure 10, multi-level
rivers in Shandong provided abundant irrigation resources for crops. Winter wheat is
more frequently distributed in the water basin areas dominated by first-order rivers in
the west and north, and to a lesser extent near shorter-length rivers in the east. Therefore,
winter wheat is more widely distributed and of higher farming quality in areas where
water resources are abundant and the water supply is more economical and convenient.
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Figure 10. Spatial distribution of winter wheat in relation to multi-level rivers.

In general, the topography of Shandong is characterized by high relief in the central,
is dominated by mountainous terrain, and has hilly terrain along the eastern coast; both of
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these areas are unsuitable for the large-scale planting of winter wheat. The plains in the
west and north are part of the three major watersheds, which are flat and wide, suitable for
the large-scale cultivation and harvesting of crops, and have abundant irrigation resources,
which are the main planting areas for food crops in Shandong.

4.3. Uncertainties

Shandong Province has a very wide area of cropland, but is affected by the topography,
and some of the cropland is highly fragmented and spatially distributed, facing serious
mixed image meta-problems even on the basis of a 10 m resolution. Furthermore, it is
an agricultural area dominated by smallholder farming, which is a strong flexibility in
the family-based farming practices and an orientation towards economic return [67,68].
Especially in hilly areas, intercropping is very common. The complicated cropping pattern
makes crop identification more difficult [69]. This research has better completed the winter
wheat extraction based on the GEE platform, but considering the special characteristics of
the cropland itself, there are still parts of the study that need to be improved:

Firstly, the complex topography of Shandong leads to the fragmentation of cropland,
and the scattered distribution of cropland plots creates more mixed image pixels. This,
together with the combination of cropland and various vegetation cover, makes cropland
parcels more difficult to be identified in the imagery, and prone to misclassification or
being neglected. This research used Sentinel-2 image data with a 10 m resolution, which is
higher than many other remote sensing imageries, but it is still deficient for an accurate
identification of wheat.

Secondly, it is well known that high-quality training data are necessary for the su-
pervised classification method. However, it is difficult to realize due to the high cost
and time-consuming field surveys, especially for the vast area of Shandong. Therefore,
the sample points in this study are mainly obtained by visual interpretation according to
sample characteristics and expert knowledge based on a small amount of survey data, and
the samples are not absolutely accurate.

Finally, Shandong Province covers a vast area and spans east-west and north-south.
Also, there is a certain time difference between the coastal and inland agricultural climates.
Generally, wheat in Shandong matures gradually from south to north and from west to
east. This research has not yet taken into account the influence of the geographical span
and local climate on crop phenology. In future research, a more detailed identification of
winter wheat can be considered by dividing crop climatic zones.

5. Conclusions

This research proposed a fusion method to extract winter wheat in Shandong Province
using the GEE as a computational platform and time-series Sentinel-2 images. The fusion
method made full use of the advantages of the pixel-based and object-oriented classification
methods to develop a high-quality spatial distribution map of winter wheat. The overall
accuracy of the map is 92.2%, with a kappa coefficient of 0.84, which is strongly consistent
with the actual situation. It was found that the fusion method was superior to the pure
pixel-based or object-oriented methods for the identification of winter wheat, especially
in hilly areas and at the intersection of different land cover types. In addition, the spatial
distribution of winter wheat in Shandong Province has obvious geographical characteristics,
which coincides with the general trend of topographic relief. The overall distribution
characteristics are “more in the west and less in the east, dense and uniform in the west,
and sparse and scattered in the east”. This is the result of multiple influencing factors, with
topographic conditions being the main influence. This research not only demonstrated the
advantages of combining pixel-based and object-oriented methods for other related studies,
but also produced a spatial distribution map of winter wheat, which is very useful and
contributes to the planning of cultivated land resources in Shandong Province.
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