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Abstract. Mapping complex cropping patterns and temporal dynamics is of great significance for addressing the challenges
faced by agricultural systems. However, in China, annual nationwide maps depicting multiple crops and rotation sequences
are still lacking. In this study, we developed a data-driven crop mapping framework by integrating multiple existing crop
products with the Google Satellite Embeddings derived from the AlphaEarth foundation model, and produced 10-meter
resolution mapping of complex cropping patterns across China from 2018 to 2021. Firstly, we integrated multiple publicly
available crop mapping products within a harmonized framework that applies a unified cropland extent and cropping intensity,
providing a systematic assessment of their consistency at pixel level. Consistency analysis results classify the study area into
areas with consistency and areas with confusion, the latter serving as the mapping focus. Then, by combining harmonized crop
data layers with random forest classifiers trained on foundation-derived embedding features, our framework effectively
enhanced the spatial coherence and temporal stability, achieving an overall accuracy of 92.60% and an F1 score of 0.7584.
Compared with second-level administrative unit (ADM-2) statistics, the mapped cropping areas achieved high consistency (R=2
= 0.849, RMSE = 4.61x 10" ha, MAE = 2.07x_10* ha). The resulting datasets provide an integrated depiction of China’s
complex cropping systems, enabling consistent interannual assessments of changes in crop types, cropping sequences, and

spatial patterns at 10 m resolution, thereby establishing a robust foundation for refined agricultural management and policy
decisions, while supporting climate-smart and sustainable land-use planning.
Keywords: Cropping system; Crop type mapping; Crop sequence; Remote Sensing; AlphaEarth

1 Introduction

Ensuring food security is a fundamental objective of the United Nations Sustainable Development Goals (Un, 2015). However,
this objective is severely challenged by increasing food demand (Ray et al., 2022), escalating climate-change impacts (Hultgren
et al., 2025; Lobell and Di Tommaso, 2025), intensifying land-use conflicts (Liu et al., 2025), and growing environmental

concerns (Halpern et al., 2022; Jwaideh and Dalin, 2025). Addressing these intertwined issues requires a transition toward
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sustainable agricultural intensification, which aims to increase productivity while reducing environmental impacts (Foley et
al., 2011; Pretty et al., 2018; Gunton et al., 2016). Cropping patterns management is one of the crucial components of
sustainable intensification, referring to the spatial and temporal arrangements of crops in fields, including the selection of crop
types and cropping sequences (Qiu et al., 2025b; Blickensd&rfer et al., 2022; Shen et al., 2023a; Liu et al., 2022). Well-designed
cropping patterns suited to local climatic and field conditions are essential for enhancing agricultural productivity, resource
efficiency, and environmental sustainability (Barbieri et al., 2019; Nelson and Burchfield, 2021; Xie et al., 2023; Yang et al.,
2024). Especially at the national scale, where agricultural policies are formulated and implemented, improving the
understanding of cropping system dynamics is fundamental for ensuring food security and promoting sustainable land use
(You and Sun, 2022).

National-scale crop mapping products have largely benefited from government-led agricultural census programs (D’andrimont
et al., 2021), which provide robust ground survey databases that serve as reliable training samples for remote sensing—based
supervised classification. These datasets offer detailed and accurate information on crop types, forming the foundation for
operational crop mapping systems. For example, the operational production of the U.S. Crop Data Layer (CDL) has been made
possible largely through the field survey data provided by the Farm Service Agency (FSA) and the national land cover datasets
supplied by the U.S. Department of Agriculture (USDA) (Boryan et al., 2011). Similar large-scale national crop mapping
products include Canada’s Annual Crop Inventory (ACI) (Fisette et al., 2013), the Crop Map of England (CROME) (Agrimetrics,
2023), France’s Registre Parcellaire Graphique (RPG) (Gépservices, 2023), and the Netherlands’ Basisregistratie Gewaspercelen
(BRP) (Pdok, 2023). However, for many other countries and regions, there remain no annually updated, medium- or high-
resolution crop distribution datasets.

As the most populous country, China feeds nearly 20% of the world’s population with only about 7% of global farmland (Cui

and Shoemaker, 2018), relying heavily on intensive and multiple-cropping systems. a-China-€Characterized by highly diverse

cropping systems, highly fragmented farmland and extensive multiple cropping, traditional regional-scale mapping approaches
often fail to fully capture the complexity of agricultural landscapes_in China. In recent years, numerous studies have produced
medium-resolution maps for major crops such as maize, rice, wheat and soybean (You etal., 2021; Peng et al., 2023; Li et al.,
2023; Pan et al., 2021; Shen et al., 2023b; Dong et al., 2020a; Liu et al., 2024; Hu et al., 2024; Mei et al., 2024; Zhang et al.,
2024). Dozens of such crop mapping products have been publicly released, with up to seven independent products available
for the same crop type. However, these products were generated using different methods and reference samples, and their
consistency and accuracy have not been systematically cross-validated. This challenge is further complicated by China’s
diverse cropping systems, which include not only single cropping per year but also extensive double cropping (Qiu et al.,
2024b; Liu et al., 2020). With the increasing availability of multiple crop mapping products derived from diverse sources,
recent studies have focused on integrating these datasets to generate harmonized and more reliable representations of crop
distribution. For example, some studies have further integrated multi-source crop mapping datasets through scoring-based
frameworks. A scoring system was developed to update crop distribution information for 66 countries based on five criteria

(specificity, timeliness, spatial resolution, accuracy, and data sources) (Becker-Reshef et al., 2023). Similarly, a global crop
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map for 80 crop types named CROPGRIDS is produced by integrating 27 existing mapping products using a scoring-rule
approach that evaluated both endogenous and exogenous data quality (Tang et al., 2024). In this context, conducting multi-
product integration and consistency analysis in China is particularly necessary to build a coherent and systematic foundation

for national-scale crop mapping.- which is essential for supporting food security assessments and evidence-based agricultural

policy-making in a highly complex and dynamic cropping system.

Seasonality is one of the key characteristics that distinguish different crop types (Zhong et al., 2019). However, how to
effectively extract and select temporal features remains a central challenge in remote sensing-based crop mapping. Some
studies directly use spectral bands or band-derived indices from specific periods of the growing season as the primary inputs
for classification algorithms. For crops with distinct temporal signatures, this knowledge-based approach effectively captures
phenological differences during key growth stages, enhancing the accuracy of crop mapping. For maize and soybean, pigment-
and water-related spectral indices such as the Transformed Chlorophyll Absorption in Reflectance Index (TCARI),
Anthocyanin Reflectance Index (ARI), Shortwave Infrared Water Stress Index (SIWSI), and the Greenness and Water Content
Composite Index (GWCCI) have been used to characterize variations in chlorophyll concentration and canopy water status
(Huang et al., 2022; Huang et al., 2024; Chen et al., 2023). For rice, the combination of Land Surface Water Index (LSWI)
and vegetation indices can capture the optical response to surface flooding during the transplanting stage, as represented by
the Flooding/Transplanting Index (FTI) (Xiao et al., 2005; Xiao et al., 2006; Zhang et al., 2015). Meanwhile, temporal
variations in SAR backscattering also enable effective identification of paddy fields (Zhan et al., 2021; Singha et al., 2019;
Han et al., 2021). For winter wheat, the temporary vegetation peak before winter dormancy and rapid regreening in early spring
distinguish it from other crops (Qiu et al., 2017; Dong et al., 2020b), as reflected in indices such as the Peak Before Winter
Feature (PBWF) (Tao et al., 2017) and Winter Wheat Index (WWI) (Qu et al., 2021). As for rapeseed, characterized by its
bright yellow canopy during the flowering stage, which produces a strong spectral signal in the visible bands (Sulik and Long,
2015; D’andrimont et al., 2020; Danylo et al., 2021; Ashourloo et al., 2019). Indices such as the Normalized Difference Yellow
Index (NDY1) (Sulik and Long, 2015) and the Winter Rapeseed Index (WRI) (Zhang et al., 2022) can be used to effectively
distinguish rapeseed from other winter crops such as wheat. Collectively, these indices represent knowledge-based approaches
that leverage key temporal features for crop type differentiation.

However, these methods do not fully utilize observations across the entire growing season, potentially overlooking valuable
temporal information (Zhong et al., 2019). They also perform poorly when target crops exhibit complex, subtle, or poorly
defined characteristics. A more common approach extracts features from time-series data by applying statistical operations
such as calculating the maximum, mean, percentiles, and standard deviation, or by fitting curves to temporal profiles (Zhong
etal., 2014; Wang et al., 2020). For instance, You et al. constructed a rich feature set from Sentinel-2 data, combining 10-day
time-series indices, greenest/wettest seasonal composites, and harmonic metrics derived from NDVI, EVI, and LSWI, to
produce 10 m resolution maps of maize, soybean, and rice in Northeast China (You et al., 2021). Even without prior knowledge
of crop-specific feature differences, this approach can achieve accurate mapping by integrating a broad set of relevant variables

into machine learning models trained on reference data.
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Traditional crop classification studies rely on the extraction and selection of key spectral, temporal, and phenological features.
However, the construction of features and determination of thresholds often depend on expert knowledge, which constrains
their generalization across large spatial extents and multi-crop systems. In recent years, the emergence of foundation models
has opened a new frontier in remote sensing, where large-scale pre-training on diverse, multi-source, and temporally rich Earth
observation data enables the learning of universal land surface representations. Representative examples include SAM
(Kirillov et al., 2023), a prompt-driven segmentation model for general image analysis; SatLas (Bastani et al., 2023), a
multispectral pretraining framework; and multimodal remote sensing models such as the RingMo-Sence (Sun et al., 2022; Yao
et al., 2023) and SkySense++ (Guo et al., 2024; Wu et al., 2025b). Collectively, these models have driven a paradigm shift
from task-specific feature engineering toward general representation learning. Within this context, Google introduced
AlphaEarth in 2025, further extending the capabilities of remote sensing foundation models. AlphaEarth integrates
multispectral, SAR, and geospatial variables to learn pixel-level embeddings at a global scale, generating the Google Satellite
Embeddings (GSE) product (Brown et al., 2025). Compared with traditional crop mapping approaches that rely on handcrafted
time-series features, GSE provides annual general representations that, while not explicitly temporal, implicitly encode the
seasonal dynamics of crop growth through multi-source fusion (Brown et al., 2025). Although not yet mainstream, this
paradigm leverages massive and temporally comprehensive Earth observation datasets to learn transferable features for diverse
geospatial applications, including large-scale and temporally consistent crop mapping. These general representations may
enable more consistent and scalable characterization of complex cropping systems.

In response to the above challenges and opportunities, this study aims to develop a data-driven crop mapping framework by
integrating multiple existing crop products with the Google Satellite Embeddings derived from the AlphaEarth foundation
model, which enables 10-meter resolution mapping of complex cropping patterns across China annually. Firstly, this study
integrates multiple publicly available crop mapping products within a harmonized framework that applies a unified cropland
extent and cropping intensity, providing a systematic assessment of their consistency at pixel level. Then, by combining
harmonized crop data layers with machine learning models trained on foundation-derived embedding features, our framework
effectively enhances the spatial coherence and temporal stability of mapping results. The resulting datasets provide an
integrated depiction of China’s complex cropping systems, enabling consistent interannual assessments of changes in crop
types, cropping sequences, and spatial patterns at 10 m resolution, thereby establishing a robust foundation for refined
agricultural management and policy decisions, while supporting climate-smart and sustainable land-use planning.
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2 Methodology

In this study, we developed a data-driven framework for crop mapping that integrates multiple existing crop mapping products
with Google Satellite Embeddings derived from the AlphaEarth foundation model, allowing for 10 m-resolution mapping of
complex cropping systems in China between 2018 and 2021 (Figure 1). More specifically, this study integrates multiple
publicly available crop mapping products and evaluates their consistency within a harmonized framework that applies a
common cropland extent and cropping intensity. Consistency analysis results classify the study area into areas with consistency

and areas with confusion, the latter serving as the mapping focus. Then, using the general features derived from Google
Satellite Embeddingsusing—Geegle-SateliteEmbeddings—generalfeatures and samples from areas with consistency, a
supervised classification model is trained and applied to the areas with confusion. Finally, the cropping pattern map is

evaluated and validated based on the samples and statistical data (Figure 1).
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Figure 1. Workflow of this study.
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2.1 Integration of Existing Crop Mapping Products

We synthesize multiple publicly available crop mapping products in China (Table 1). These products include seven major crop
types: maize, rice, wheat, soybean, rapeseed, sugarcane, and cotton. Their temporal coverage extends from 2000 to 2022, with
more than 15 products available from 2017 to 2021. All datasets are characterized by medium spatial resolution, predominantly
10 m, 30 m, and 20 m (Table 1).

To integrate multiple crop mapping products into a single cropping system map, we adopted cropping intensity products
derived from optical and SAR time series (Qiu et al., 2023; Qiu et al., 2024b). Results were checked by an algorithm
specifically designed for China to extract cropping intensity, which identifies crop growth cycles by detecting peaks and
troughs in vegetation index time series and applying spectral index thresholds informed by empirical knowledge (Liu et al.,
2020). The algorithm was re-implemented on the Google Earth Engine cloud platform to enable large-scale processing. To
exclude non-cropland vegetation types from the cropping intensity results, we applied cropland masks derived from two 10-m
land cover products. Specifically, we used ESA WorldCover (2020 and 2021) (Cci, 2020) and FROM-GLC10 (2017) (Gong

et al., 2019). The union of these cropland layers was taken to generate a consistent cropland extent mask.

To begin with, we conducted a consistency assessment of products for the same crop type, focusing on within-type agreement.

Specifically, we overlaid all products and calculated CMCI (Crop Map Consistency Index) at 30 m resolution for each crop
type (Equation (1)). Before this, crop maps with finer spatial resolution than 30 m were resampled to 30 m and converted into
fractions within a 30 m pixel, represented as floating-point values ranging from 0 to 1. Values greater than 0 were treated as 1

in the subsequent analysis.

CMCl = o)
Here, CMCI refers to Crop Map Consistency Index. CMS refers to Crop Map Sum, defined as the cumulative sum of all crop
maps for a given crop type, where 1 indicates presence and 0 indicates absence. CMN denotes the Crop Map Number, which
specifies the total count of crop maps available for each crop type in a given area (Province coverages of crop type maps are
listed in Table S4).
At this step, areas with a CMCI greater than 0.8 were classified as a certain crop type, whereas those below this threshold were

considered low-consistency areas. Since CMCI was defined at 30 m resolution, only the 10 m crop type pixels (from the 10 m
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products) inside 30 m pixels with CMCI values greater than 0.8 were assigned to the final map. The threshold of 0.8 was
chosen considering that the number of available products for each crop type was generally around five. For crop types with
fewer than five products, a threshold of 0.8 corresponds to 100% agreement. For crop types with five or more products, a
threshold of 0.8 allows for one product to be inconsistent, thereby preventing a single low-quality product from
disproportionately affecting the final results.
The next step was to incorporate cropping intensity to identify cropping systems and areas where confusion occurred arising
from the integration acrossameng different crop types. We calculated the number of overlapping crop types (OCTC,
Overlapping Crop Type Counts) in each pixel by summing across all crop-type layers (Equation (2)).

OCTC = $(CMCI; = t) )
Here, OCTC refers to Overlapping Crop Type Counts. CMCI; refers to Crop Map Consistency Index of certain crop type. t
denotes the predefined threshold (set to 0.8 in this study)refers-to-the-threshold.
Pixels where the number of overlapping crop types (OCTC) was greater than the estimated cropping intensity were assigned

to Confused area, while pixels with a cropping intensity value greater than 0 but no coverage from existing crop mapping
products in our framework (OCTC=0) were assigned to Unlabeled. All remaining pixels (i.e., OCTC <_cropping intensity and

OCTC > 0) were considered Consistent. As for the classification system of Consistent areas, we defined seven single-cropping

types, namely maize, rice, wheat, soybean, rapeseed, sugarcane, and cotton. In the case of multi-cropping systems, we

explicitly assigned the following five main crop sequences: wheat-maize, wheat-rice, double rice, rapeseed-rice, and wheat—

soybean. All other combinations in the multi-cropping systems were classified as pther multi-cropping. Rixels—where-the

In summary, our framework categorizes inconsistencies arising from integrating existing crop mapping products into three

two or more crop types exceeding the cropping intensity were assigned within the same pixel, while the Low-consistency class

represents pixels that were not consistently identified as a given crop type by the majority of crop mapping products of the

same category. The Unlabelled class indicates pixels that were not assigned to any crop type within the consistency assessment
framework of this study.

classes: Confused, L ow-consistency, and Unlabeled in our framework. Censistency-analysis-results-indicatethat the-various
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205 Table 1 List of publicly available crop mapping products used in this study
Name Crop Type Resolution  Year* Region (number of provinces) Reference
maiz_1 maize 10m 2017-2019 NerthEastNortheast China (3) (You et al., 2021)
maiz 2 maize 30m 2013-2021 NerthEastNortheast China (3) (Xuan et al., 2023)
maiz_3 maize 30m 2016-2020 22 provinces (Shen et al., 2022)
maiz_4 maize 30m 2013-2021 Northern China (10) (Xin et al., 2023)
maiz_5 maize 10m 2017-2021 29 provinces (Smith et al., 2023)
maiz_6 maize 30m 2001-2020 22 provinces (Peng et al., 2023)
maiz_7 maize 10m 2019 34 provinces (Li et al., 2023)
rice 1 rice 10m 2017-2019 NerthEastNortheast China (3) (You et al., 2021)
rice 2 rice 30m 2013-2021 NerthEastNortheast China (3) (Xuan et al., 2023)
rice 3 rice 10m 2016-2021 SeurthernSouthern China (9) (Pan et al., 2021)
rice_4 rice 10m 2017-2021 21 provinces (Shen et al., 2023b)
whea 1 wheat 30m 2016-2020 North China Plain (11) (Dong et al., 2020a)
whea 2 wheat 20m 2017 North China Plain (10) (Dong et al., 2020b)
whea_3 wheat 30m 2013-2020 North China Plain (10) (Liu et al., 2024)
whea 4 p  wheat 10m 2018-2022 North China Plain (8) (Hu et al., 2024)
whea_ 4 h  wheat 10m 2018-2022 North China Plain (8) (Hu et al., 2024)
soyb_1 soybean 10m 2017-2019 NerthEastNortheast China (3) (You et al., 2021)
soyb 2 soybean 30m 2013-2021 NerthEastNortheast China (3) (Xuan et al., 2023)
soyb_3 soybean 10m 2019 34 provinces (Lietal., 2023)
soyb_4 soybean 10m 2017-2021 12 provinces (Mei et al., 2024)
soyb_5 soybean 10m 2019-2022 9 provinces (Zhang et al., 2024)
rape 1 rapeseed 20m 2017-2021 34 provinces (Zang et al., 2023)
rape_2 rapeseed 10m 2017-2021 Yangtze River Economic Belt(11) (Liu and Zhang, 2023)
rape 3 rapeseed 30m 2000-2022 34 provinces (Qiu et al., 2024b)
sugc_1 sugarcane 30m 2016-2020 4 provinces (Zheng et al., 2022)
sugc_2 sugarcane 10m 2019-2022 4 provinces (Di Tommaso et al,

(one period) 2024)

cott_1 cotton 10m 2018-2021 1 province (Kang et al., 2023)

*Some products already included results for 2023 and later at the time this study began, or were released concurrently during the study period. However, these

products were too few to allow a comprehensive consistency assessment, therefore, we limited our analysis to mapping products available up to 2022.
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2.2 Reclassification in Crop Type Confusion Areas

In this part, we trained classifiers to reclassify crop type confusion areas across the annual maps for the period 2018-2021.-
Sample points were collected based on the integrated 10-m multi-crop map, which served as a reliable source since it was
derived from multiple datasets and validated through consistency analysis (Figure 2). To ensure local spatial homogeneity, a
3 x 3 neighborhood homogeneity filter was applied. Following common practices in large-scale land cover and cropland
mapping studies(Gong et al., 2013; Tu et al., 2024), nearly 1000 hexagonal grids were generated to cover the entire study area
of China. Within each hexagon, stratified random sampling was conducted for the specified crop classes, with 50 samples per

class collected from valid pixels (Figure 2).
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Figure 2. Spatial distribution of crop type samples used in this study (taking the year 2020 as an example).

We used the Google Satellite Embedding dataset as the input to the classifier. This dataset is a global, analysis-ready collection
of 10 m geospatial embeddings generated by the AlphaEarth Foundations model v2.1 (Brown et al., 2025). Each pixel is
represented by a 64-dimensional embedding vector that summarizes annual temporal trajectories of surface conditions derived
from multi-source Earth observation data streams, including optical, radar, LiDAR, and ancillary products. Unlike
conventional spectral indices, these embeddings are unit-length feature vectors distributed across the unit sphere, making them
particularly suitable for clustering, classification, and change detection tasks (Brown et al., 2025). For our analysis at this step,
we employed the annual embedding products covering the period 2018-2021.

11
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Random Forest (RF) was adopted to classify multiple crop types in this study. RF is an ensemble machine learning algorithm
that constructs an ensemble of decision trees from random subsets of training data and input features (Breiman, 2001). The
final prediction is obtained by majority voting across the ensemble. Due to its high accuracy, resilience to noise and overfitting,
and capacity to process high-dimensional data, it has been widely used in remote sensing—based land cover and crop type
mapping (Yu et al., 2025b; Qiu et al., 2025b). More specifically, we use the Random Forest algorithm implemented in the
Google Earth Engine platform to build the classifier. The number of decision trees is set to 500, the number of features required
for each node for splitting is set to the square root of the number of input features, and other parameters were also set to the
default. To capture regional heterogeneity, the RF classification was partitioned using the Agro-Natural Regionalization of
China, a climatic-geographic framework dividing the country into 38 sub-regions by temperature and precipitation (See more
details in Supplement Information). Due to the complexity of multi-crop confusion, we employed a binarization strategy that
decomposes the multi-class problem into a set of binary classification tasks (Galar et al., 2011; Li et al., 2023). Specifically,
we applied a one-vs-all decomposition approach (Adnan and Islam, 2015), training random forest classifiers independently for
each crop type. For example, in the case of maize, the samples were separated into maize and non-maize categories, with 70%
of the samples used for training and the remaining 30% for validation. The classifier outputs were set as binary probabilities,
which were subsequently aggregated across all crop types to generate the final multi-class classification results following the
rules below. As for single cropping (pixels with a cropping intensity of 1), the crop type was assigned according to the highest
RF-derived probability. For multi-cropping areas (pixels with a cropping intensity greater than 2), the assignment was
determined based on the RF-derived probabilities of the possible cropping sequence combinations. In the case of the unlabelled
and low-consistency areas (excluding the confused class), pixel assignment was conducted only when the RF-derived
probability exceeded 0.5 for single-cropping areas, or when the sum of RF-derived probabilities for two cropping types
exceeded 1 in double-cropping systems. After this step, pixels that remained unassigned were further labelled according to
their cropping intensity, with “Unlabelled” assigned to single-cropping areas and “Multi-cropping” assigned to areas with

multiple cropping cycles.

2.3 Accuracy assessment and validation

Based on the samples from the integrated crop map, we conducted an accuracy assessment of the classifiers. More specifically,
we computed a group of accuracy metrics, including F1, Omission error (1-Producer’s Accuracy (PA)), and Commission error
(1-User’s Accuracy (UA)) based on the confusion matrix. The F1 score was adopted as the primary accuracy indicator, as it
reflects the harmonic balance between user’s accuracy (UA) and producer’s accuracy (PA), ranging from 0 (worst) to 1 (best).
To enable spatial and temporal comparisons, the accuracy metrics were summarized at multiple aggregation levels (hex grid
and agm-LADM-1 level). For each combination of region, crop type, and year, we first derived the confusion counts from all
validation samples within that unit and recomputed the corresponding accuracy metrics. For broader summaries (e.g., across

years, regions, or crop categories), we applied a micro-averaging approach, in which confusion counts were summed across

12
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all groups before metric computation. This sample-size-weighted approach provides a consistent and representative measure
of classification performance across spatial and temporal scales.

In addition, we further validated our mapping products using official crop statistics (ADM-1 and ADM-2 levels). Firstly, crop
harvest areas were aggregated by individual crop category at the ADM-1 and ADM-2 levels, where each crop in multi-cropping
systems was treated as an independent crop type and counted separately, so that multiple crops coexisting within the same
pixel during a year were all included in the aggregated harvested area statistics. Then, the consistency between datasets was
evaluated using three indicators: the coefficient of determination (R?) for correlation strength (higher is better), the root mean
square error (RMSE) for overall deviation magnitude, and the mean absolute error (MAE) for average absolute deviation (both
lower are better). We further examined this through an ordinary least squares (OLS) regression analysis to quantify the linear
dependence between our estimates and the reference statistics. ADM-1 level statistical data was acquired from China’s
economic and social big data research platform operated by China National Knowledge Infrastructure, while the ADM-2 level
statistics were derived from recent crop maps of China that were spatially disaggregated based on ADM-2 level agricultural
statistics (Dai et al., 2025).

13
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3 Result
3.1 Consistency Analysis Result

Consistency analysis results indicate that the various crop mapping products are not fully consistent. According to the

framework established in this study, these inconsistent areas were categorized into three classes: Confused, Low-consistency,
and Unlabelled. €e

As shown in Figure 3, Confused areas are mainly distributed in northeastern China (particularly in the northeastern part of the
three northeastern provinces), the North China Plain, and Yunnan Province, predominantly located to the east of the Hu
Huanyong Line, a geographic demarcation separating the densely populated eastern China from the sparsely populated western
regions (Fig 3a). Low-consistency areas are concentrated in northern croplands, including Xinjiang, Inner Mongolia, the three
northeastern provinces, and Yunnan Province (Fig 3b). Unlabelled areas are mainly distributed in western China (west of the
Hu Huanyong Line), showing an opposite pattern to the Confused areas (Fig 3c). The spatial distribution of Confused areas
shows certain similarities with cropland distribution, whereas Low-consistency and Unlabelled areas are less consistent with
the spatial pattern of cropland (Fig 3d). Subsequent data-driven crop mapping frameworks will therefore focus on these three

categories: Confused, Low-consistency, and Unlabelled regions.

14
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Figure 3. Proportional distribution of cropland and uncertain classes (Confused, Low-consistency, Unlabelled). Fig 3a, Proportional
distribution of Confused areas. Fig 3b, Proportional distribution of Low-consistency areas. Fig 3c, Proportional distribution of
Unlabelled areas. Fig 3d, Proportional distribution of Cropland.
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3.2 Accuracy assessment

This section provides an integrated assessment of classification performance (Figure 4). Overall, our framework effectively
enhanced the spatial coherence and temporal stability, achieving an overall accuracy of 92.60% and an F1 score of 0.7584. As
for spatial variation, the majority of regions exhibited F1 scores above 0.65, with values exceeding 0.8-75 in northern areas

(Fig 4a, 4b). Provinces with relatively low F1 scores were mainly located in southern China, including Yunnan, Guizhou,
Chongging, and Fujian. The Omission Error (OE) was generally below 0.25-30 across most northern regions of China, whereas
predominantly higher than 0.30 in southern regionsit-ranged-frem-8:25-t0-0:5 in southern regions, indicating more severe
omission issues (Fig 4c, 4d). - The Commission Error (CE) remained below 0.25-20 in most parts of the country (Fig 4e, 4f),

although relatively higher CE values were observed in provinces such as Gansu and Anhui. Compared with the northern

regions, the southern regions are characterized by more diverse crop types, extensive multiple cropping systems, and highly
fragmented farmland, which collectively led to lower classification performance of the model in the south--Overat-Omission

At the provin avel Chongaing nd n-showed-no

and-Omissien-Errer)—From the perspective of individual crops, high OE values for maize, rice, and soybean were mainly
identified in the Sichuan Basin and the Yunnan-Guizhou Plateau. Regions with large OE values for rice also included the
middle and lower reaches of the Yangtze River Plain, while high CE grids were scattered nationwide. For wheat, higher OE
values occurred in the southern part of the North China Plain, and higher CE values were observed along its margins. The
regions with large OE values for sugarcane were concentrated in the Yunnan—Guizhou Plateau. In contrast, rapeseed and cotton
generally exhibited higher accuracy (Figure S32).

From the perspective of individual crops, high OE values for maize were mainly concentrated in southwestern China,

particularly in the Sichuan Basin and the Yunnan—Guizhou Plateau, while high CE grids were sparsely and randomly

distributed without clear spatial clustering. For rice, high OE values were observed in both the Yunnan—Guizhou Plateau and

the middle and lower reaches of the Yangtze River Plain, whereas CE again exhibited a scattered spatial pattern nationwide.

Similarly, soybean showed concentrated high OE regions in the Sichuan Basin and Yunnan—Guizhou Plateau, with CE values

lacking clear spatial aggregation. For wheat, higher OE values occurred in the southern part of the North China Plain, while

higher CE values were mainly distributed along its margins. The regions with large OE values for sugarcane were concentrated

in the Yunnan—Guizhou Plateau. In contrast, rapeseed and cotton generally exhibited higher accuracy, with both OE and CE

remaining relatively low (Figure S3).
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3.3 Cropping Pattern and Annual Changes in China

Under a unified mapping framework, we produced 10m-resolution maps of the major crops across China in recent years,
allowing the analysis of spatial patterns in cropping system changes. Specifically, the crop mapping products generated in this
study include seven single-cropping types, namely maize, rice, wheat, soybean, rapeseed, sugarcane, cotton, and five double-
cropping sequences, including wheat-maize, wheat-rice, double rice, rapeseed-rice, and wheat—soybean (Fig 5a).

At the national scale, single-season maize (spring maize) is mainly cultivated in northern China, particularly in the three
northeastern provinces (Heilongjiang, Jilin, and Liaoning) and Inner Mongolia (Fig 5a, 5b). Summer maize is primarily
cultivated as the second crop within the winter wheat-summer maize double-cropping system, which is concentrated in the
central provinces such as Henan, Shandong, and Hebei (Fig 5b). Single-season rice is mainly distributed in provinces including
Heilongjiang, Sichuan, and Anhui, whereas double-season rice is concentrated in southern China, particularly in Guangdong,
Jiangxi, Guangxi, Hunan. In addition, the rice—-wheat rotation system, one of the dominant double-cropping patterns involving
rice, is mainly distributed in Jiangsu Province (Fig 5b). Soybean cultivation is most concentrated in Heilongjiang, with
additional production occurring across several other provinces. In some regions, such as Henan and Anhui, soybeans are
commonly rotated with winter wheat (Fig 5b). Wheat is rarely grown in a single season in China; as mentioned above, it is
often rotated with maize, rice, and soybeans (Fig 5a, 5b). Rapeseed is widely distributed along the Yangtze River Basin, and
the rapeseed-rice rotation system represents one of the dominant double-cropping patterns in China. Furthermore, sugarcane
is mainly cultivated in the southern provinces such as Guangxi and Yunnan, while cotton is predominantly grown in Xinjiang
(Fig 5b).
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Figure 5 Our maps of Cropping Pattern in China (year 2020 as an example). (a) spatial distribution of cropping patterns; (b) crop
area aggregated at the province level.
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Based on the 10 m resolution mapping results of multi-year cropping patterns, we systematically evaluated recent changes in
China’s cropping systems. From 2018 to 2021, 64.85% of the cropland experienced changes in cropping patterns (Fig 6a, 6d).
Cropland without crop switching were mainly located in the three northeastern provinces (Heilongjiang, Jilin, and Liaoning,
excluding northeastern Heilongjiang), Xinjiang, and parts of the North China Plain, whereas the regions with significant
changes were concentrated in northeastern Heilongjiang, the North China Plain, and southern China (Fig 6a, 6d).

Figure 6b illustrates the transfer of planting areas among different crop types. According to the mapping results, 98% of the
cotton-growing areas remained unchanged, indicating cotton exhibits the highest stability among the examined crop-specific
cropping patternsthe-highest-stability-ameng-at-cropping-systems. Among the single-cropping systems, rice and maize also

exhibited relatively high stability in cropping patterns, with 82% and 79% of their cropping areas remaining unchanged,

respectively. In contrast, nearly or more than half of the planting areas for soybean, rapeseed, and wheat changed cropping
patterns (Fig 6c). As for double-cropping systems, the wheat-maize system exhibited the highest stability, with 78% of the
area remaining unchanged, followed by double-rice and wheat-rice, with 66% and 54% of their planting area unchanged. While
the wheat-soybean and rapeseed-rice systems showed frequent switching, with only 26% and 34% of their areas unchanged
(Fig 6¢).
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Figure 6 Cropping pattern changes between 2018 and 2021 in China. (a) spatial distribution of changed cropping patterns; (b)Flows

of cropland transitions among cropping patterns; (c) unchanged ratio of single- and double-cropping systems; (d) Provincial average
unchanged and changed cropland areas.

24



375

380

385

Figure 7 illustrates the mean area changes among different cropping patterns. The majority of changes occurred between single-
to-single cropping systems, accounting for 62.95% of the total changed area. Among single crops, the rotation between maize
and soybean was the most common, accounting for 32% of the total soybean area and 13% of the maize area. Similarly, there
was a high degree of alternation from wheat-soybean to wheat-maize systems, accounting for 48% of the wheat-soybean area,
but only 4% of the wheat—-maize systems shifted to wheat—soybean (Fig 7). Among double-to-double cropping systems changes
(accounting for 23.97% of the total changed area), a substantial proportion of transitions also occurred between double rice
and other multi-crop, with the changed area accounting for 15% of the double-rice system.

There were respectively 7.04% and 6.03% of the changed area in single-to-double cropping systems and double-to-single
cropping systems. For single-season wheat, the largest proportion of cropping-pattern changes occurred between single-season
wheat and the wheat-maize double-cropping system, representing 42% of the total single-wheat area. Conversely, 6% of the
wheat-maize system shifted to single-season wheat, 5% of that shifted to maize (Fig 7), reflecting a typical two-year—three-
harvest cropping regime in wheat-related systems. As for rice, 10% of double-season rice shifted to single-season rice, while
only 1% moved in the opposite direction, indicating a decline in planting areas of double-season rice. In addition, a number of
crop rotation patterns were not clearly defined by the classification system of this study and were classified as other-multi

crops, with a considerable proportion of alternating cultivation involving maize, rice, soybeans, and double-rice (Fig 7).
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Figure 7. Heatmaps showing the average area of transitions among cropping patterns in China from 2018 to 2021.

In addition, we also selected representative regions of cropping systems across China to present year-over-year changes in
mapping results (Figure 8). The northwestern part of Heilongjiang Province is characterized by a maize—soybean rotation
system, where the two crops are cultivated alternately. Maps taken two years apart show more similar cropping structures and
patterns, while maps taken one year apart show significant changes in cropping structure and patterns. Similarly, in the southern
part of Hebei Province, located in the central Huang—Huai-Hai Plain, double-cropping systems dominated by winter wheat-
summer maize prevail. Transitions between double-cropping and single-season maize cultivation have occurred. In more recent
years, however, agricultural intensification has increasingly favored the maintenance of the double-cropping system.
Furthermore, in the southern part of Jiangsu Province, rice—wheat rotations dominate the agricultural landscape. This system
also involves maize, soybean, and rapeseed cultivation, resulting in a more diversified cropping structure compared with the
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previous regions, as well as more dynamic interannual variations in cropping patterns. In contrast, in the central part of Hubei
Province along the Yangtze River, rapeseed and wheat are the primary crops. The cropping structure in this area is highly
heterogeneous, characterized by substantial interannual variability in cropping patterns, particularly in crop sequences
involving rice and maize. Finally, along the Yellow River in the Huang—Huai—Hai Plain, the dominant system is dryland
agriculture characterized by the winter wheat-summer maize double-cropping pattern. However, due to favorable irrigation
conditions near the river, some areas also support irrigated fields with more complex structures that include soybean and rice

cultivation.
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3.4 Result validation

Our results showed strong consistency with crop statistical data at both the ADM-1 and ADM-2 levels (Figure 9). Compared
with the provincial statistics (ADM-1), the coefficient of determination (R reached 0.863, with an RMSE of 49.96 < 10 ha
and an MAE of 32.94 x 10 ha. The slope of the linear fit was 0.934, indicating a general underestimation trend (Fig 9a). When
compared with the ADM-2 statistics, the R=3wvas 0.849, the RMSE was 4.61 x 10* ha, and the MAE was 2.07_x 10* ha, with a
slope of 1.087, which is closer to the 1:1 line (Fig 9b). In terms of crop types, soybean tended to be overestimated overall,
whereas wheat and maize showed an underestimation trend (Fig 9).
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Figure 9. Consistency between our crop maps and crop statistics: (a) ADML1 level for 2018-2021, and (b) ADM2 level for 2020.

In addition, we compared the mapping results with multiple single-crop mapping products and input imagery from the same
year, and conducted stepwise visual inspections of the workflow to validate the reliability of our results (Figures 10 and 11).
Figure 10 presents representative cases of confusion between two major crop types (including low consistency). For instance,
in the Northeast Plain, confusion between maize and soybean is common because these crops have highly overlapped growing
seasons and are frequently rotated. Through integrating multiple crop mapping products and performing consistency analysis,
our framework effectively delineated consistent and confused areas. Reclassification within confused areas showed strong
agreement with the spatial patterns of the embedding features (validated using RGB composites of bands A08, A11, and A33).
In addition, in the same region, low-consistency rice mapping products often overlapped with maize—soybean confusion zones
(validated using RGB composites of bands A40, A08, and A33). In the Huang—Huai—Hai Plain, where the winter wheat—

summer maize double-cropping system predominates, confusion between double-cropping and single-season maize cultivation
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remains common (validated using RGB composites of bands A08, All, and A22A21). Xinjiang, China’s major cotton-
producing region, also includes crops such as maize, wheat, sugar beet, and high-value specialty crops (e.g., grapes, tomatoes,
and melons). Many of these crops are not explicitly included in our mapping framework; nonetheless, our approach effectively
complements existing products by refining low-consistency or omitted areas of maize and cotton mapping (validated using
RGB composites of bands A08, Al1, and A01).

Figure 11 illustrates mapping results in cropping systems characterized by more complex planting structures and rotation
patterns. In the Sichuan Basin and surrounding regions, the cropping system includes a mixture of soybean, rapeseed, maize,
and rice, as well as multiple cropping patterns such as double-season rice and rapeseed-rice rotations (validated using RGB
composites of bands A10, A40, and A33). In the southern margin of the Huang—Huai—Hai agricultural region, which forms a
transitional zone between northern and southern cropping regimes, major crops include wheat, soybean, maize, and rice, along
with rotation systems such as rice-wheat. These mixed patterns exhibit considerable complexity (validated using RGB
composites of bands A08, A40, and A22A21). Along the middle reaches of the Yangtze River in central Hubei, the main crops
are rapeseed, wheat, rice, and maize, with diversified and temporally dynamic cropping structures, including annual rice—
wheat and rapeseed-related double cropping sequences (validated using RGB composites of bands A10, A40, and A22A21).
Overall, the proposed mapping framework provides a systematic and consistent classification approach for regions with diverse

cropping structures, effectively harmonizing crop type identification and cropping intensity within a unified mapping system.
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4 Discussion
4.1 Data-Driven and Knowledge-Driven Framework in Crop type mapping

Approaches to crop type mapping in remote sensing can broadly be categorized into knowledge-driven and data-driven
frameworks. The knowledge-driven framework relies on expert-defined spectral and phenological indicators and
corresponding threshold-based rules for crop identification, whereas the data-driven framework depends on massive samples
and statistical or machine learning models to automatically learn discriminative features from data rather than relying on
manually defined rules. These two frameworks exhibit distinct advantages under different research tasks and application
contexts. Specifically, knowledge-driven approaches represent empirical generalizations derived from existing data and can
provide reliable guidance in regions where reference data are scarce. In contrast, data-driven approaches have shown great
potential for large-scale studies and applications, as extensive reference datasets enable broader model generalization and
application.

To conduct complex cropping patterns mapping in China, our study established a data-driven crop mapping framework based
on two major data sources. First, over twenty existing crop mapping products across China were collected and integrated. A
consistency analysis was then conducted to identify areas with consistent mapping results, as well as regions characterized by
confusion, low consistency, or unlabeled pixels. Second, the study employed the Google Satellite Embeddings generated by
the large-scale remote sensing foundation model AlphaEarth. The embedding features produced by this model preserve high-
level information from multiple data sources, enabling the implicit representation of crop growth differences even without
explicit temporal inputs. This effectively complements traditional knowledge-driven approaches that rely heavily on
handcrafted feature selection.

However, knowledge-driven approaches offer better interpretability and contribute to a deeper understanding of crop
physiological traits and spectral characteristics. In maize and soybean classification studies, several pigment-related spectral
indices have been developed or refined to capture crop-specific traits, such as the Transformed Chlorophyll Absorption in
Reflectance Index (TCARI), the Anthocyanin Reflectance Index (ARI) for maize, and the Shortwave Infrared Water Stress
Index (SIWSI) for soybean (Huang et al., 2022; Huang et al., 2024). For maize, its high photosynthetic efficiency and
increasing chlorophyll concentration during the tasselling stage lead to relatively low TCARI values, while its canopy is
dominated by leaves rather than reproductive organs, resulting in relatively low TCARI but generally high vegetation index
values. Moreover, maize exhibits markedly lower ARI values than sorghum (red fruits), enabling effective discrimination
between the two species (Huang et al., 2024). Soybean is characterized by significant leaf senescence and water loss during
the late growth stages, and its chlorophyll content remains lower than that of maize but higher than that of peanut, potato,
cotton, and sunflower throughout the growing season. It can therefore be distinguished using water stress indices and
chlorophyll-related indices (Huang et al., 2022). As short-wave infrared (SWIR) reflectance increases with decreasing canopy

water content, soybean is unique among major crops for showing both high NDVI and high SWIR values during peak growth.
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Several studies have developed indices based on this characteristic, such as the Greenness and Water Content Composite Index
(GWCCI) (Chen et al., 2023).

Rice, winter wheat, and rapeseed exhibit distinct and identifiable phenological stages throughout their growth cycles, which
make them clearly distinguishable from other crops. Many studies have developed targeted indices based on these temporal
features. Rice is unique in that it is cultivated under mixed water and soil conditions, producing a flooding signal during the
transplanting stage. This can be identified by the Land Surface Water Index (LSWI) and vegetation indices (Xiao et al., 2005;
Xiao et al., 2006; Zhang et al., 2015). In addition, the backscattering properties change markedly during this stage, with both
VV (vertical transmit, vertical receive) and VH (vertical transmit, horizontal receive) polarizations reaching local minima at
transplanting and rising sharply thereafter (Zhan et al., 2021; Singha et al., 2019; Han et al., 2021). Based on these reflection
and scattering characteristics, several key indices have been proposed, such as the Flooding/Transplanting Index (FTI) (Zhang
etal., 2015).

Winter wheat also exhibits distinct phenological stages. Before winter dormancy, winter wheat undergoes a short period of
vegetative growth, during which vegetation indices reach a local peak. Growth then stagnates over winter and resumes in early
spring with stages including jointing, heading, flowering, grain filling, and maturity. Based on these characteristic phenological
patterns, several studies have proposed specialized indices such as the Peak Before Winter Feature (PBWF) (Tao et al., 2017),
the Normalized Difference Phenology Index (NDPI) (Dong et al., 2020b), and the Winter Wheat Index (WWI) (Qu et al.,
2021).

Rapeseed is easily distinguished from other crops due to its bright yellow flowers during the blooming stage. Based on this
unique reflectance feature, many studies have developed spectral indices such as the Band Ratio of Red and Green (BRGR)
(Ashourloo et al., 2019), the Normalized Red Green Blue Index (NRGBI) (Danylo et al., 2021), the Normalized Difference
Yellow Index (NDYI) (Sulik and Long, 2015), and the Winter Rapeseed Index (WRI) (Zhang et al., 2022). In addition to this
distinctive spectral response, the backscattering properties of rapeseed also vary markedly during flowering. The petals reduce
VV and VH backscattering, whereas the pods increase VH intensity. This contrast enables rapeseed to be distinguished from
other winter crops such as winter wheat, which shows lower VVH values during the pod-filling period (around April) (Dong et
al., 2020a; Danylo et al., 2021). Other crop-specific indices have also been proposed, including the Cotton Mapping Index
(CMI) (Xun et al., 2021).

Although extensive knowledge has been accumulated regarding crop-specific remote sensing signals, their applicability varies
across regions, spatial and temporal scales, and data conditions. The threshold settings and implementation methods also lack
universality. Therefore, systematically integrating and dynamically updating this knowledge system remains an important
direction for future crop mapping research. In the context of rapidly expanding data resources and algorithmic capabilities,
exploring the integration of knowledge-driven domain understanding with data-driven model learning holds significant
potential. As the spatial scale of mapping continues to expand and agricultural landscapes become increasingly complex, the
research focus has shifted from single crop types to multi-type and complex cropping systems. This evolution imposes greater

demands on model generalization and feature representation, thereby driving a systematic transition in crop mapping from
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knowledge-driven approaches that rely on expert experience and rule design to data-driven frameworks grounded in large-
scale data and model learning.

4.2 Exploring the Interpretability of Google Satellite Embeddings

Secondly, our model provides an enhanced understanding of the applicability of different bands in the Google Satellite
Embeddings product for crop mapping in China. Satellite Embeddings was generated by the Earth observation foundation
model AlphaEarth, which learns generalized representations from a wide range of satellite and environmental datasets
including Sentinel-1 C-band synthetic aperture radar (SAR), Sentinel-2 multispectral imagery, Landsat-8/9 multispectral,
panchromatic, and thermal bands, GEDI canopy height metrics, the GLO-30 digital elevation model, ERA5-Land monthly
reanalysis data, ALOS PALSAR-2 SAR imagery, GRACE monthly mass grids, and multiple text-based sources. Embeddings
product abstracts these multi-source data into 64 bands, whose physical meanings and functional roles have not yet been fully
revealed.

From the perspective of crop mapping, our study contributes to improving the interpretability of these features. The results of
feature importance indicate that different embedding bands-features play distinct roles in multi-year crop classification: bands

A8 and A1l were most important for maize mapping, A10 for rapeseed, A40 for rice, A33 for soybean, and A22A21 for wheat
(Fig 12).

Unlike traditional crop mapping approaches that rely on multi-temporal satellite observations to capture seasonal phenological
signals, Google Satellite Embeddings is an annual product containing only 64 general features without explicit temporal
information. Our findings suggest that crop seasonal signals are implicitly encoded within these embeddings. Through large -

scale learning from multi-source imagery, AlphaEarth effectively removes redundant information and captures the key

representations of terrestrial surface patterns. \WhHe-prervdous-exarmples-haw strated icath this ¢ ot fo

This capability is consistent with studies that explore satellite embeddings across different levels of application, progressing

from general land-cover representation to more task-specific agricultural applications. Recent studies have demonstrated that

satellite _embeddings outperform traditional spectral indices in land-cover mapping, improving overall accuracy by

approximately 5% and Kappa by about 3% (Khan and Ahmad, 2025; Mantey et al., 2025). Within this context, satellite

embeddings have also shown strong performance in cropland mapping, with contributions more than twice those of traditional

remote sensing features (Cai et al., 2026; Cao et al., 2021). Their non-linear response patterns suggest that embeddings encode

richer and more complex information, although this may reduce their direct interpretability. From a biophysical perspective,

recent studies further suggest that satellite embeddings preserve key vegetation-related information, including pigment,

structural, and phenological signals, enabling accurate modeling of crop traits (e.g., R=up to ~0.9) while maintaining efficient

representation (Alam and Simic Milas, 2025). Notably, despite their annual temporal resolution, embeddings can still capture

growing-season signals, suggesting their ability to retain phenological information relevant to crop dynamics. At a more
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application-oriented level, embedding-based models have demonstrated strong performance across a range of agricultural tasks

including yield prediction (R? = 0.7-0.8 for major crops), as well as tillage and cover cropping (Ma et al., 2025), showing
competitiveness with purpose-built remote sensing models. However, several limitations have also been identified. In

particular, embedding-based models may exhibit reduced spatial transferability due to region-specific feature representations,

and their lack of explicit physical meaning limits interpretability. In addition, the annual temporal resolution constrains

sensitivity to within-season dynamics.

Nevertheless, these limitations do not undermine their effectiveness for large-scale crop mapping. Previous applications have

primarily focused on relatively homogeneous agricultural regions, such as the U.S. Corn and Soybean Belt. In contrast, our

study validates the applicability of satellite embeddings for supervised crop classification in China, where agricultural

landscapes are far more fragmented and cropping systems substantially more complex. This further demonstrates that satellite

embeddings provide a compact, information-rich, and scalable representation for crop mapping across diverse agro-ecological
conditions.While previ icati i ing i
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Figure 12 Feature Importance of Google Satellite Embeddings in Crop Type Mapping
4.3 National-Scale Crop Mapping across Years in Complex Cropping Landscapes

In addition, our study provides a national-scale understanding of China’s complex cropping systems and their spatiotemporal
dynamics over recent years. Our results are in line with existing studies, while providing a more systematic and in-depth
estimation. In addition to nationwide information on the number, spatial distribution, and composition of cropping patterns
(Qiu et al., 2025b) or detailed information of one certain crop type (Qiu et al., 2025a), our work produced annual cropping-
pattern maps that capture interannual rotations and structural shifts in cropping systems. Such knowledge is essential for
understanding the current status of nationwide cropping systems and their interannual changes.
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By integrating detailed 10 m crop mapping products at the national scale across years, our results can serve as a valuable
reference for-futureresearch-aimed-at developing more comprehensive and full-category crop maps, as well as for extending

crop mapping frameworks to broader spatial and temporal contexts. These datasets provide critical support for building crop

mapping frameworks suited to China’s heterogeneous agricultural landscapes, enabling more timely and accurate identification

of crop distributions, sueh-asincluding in-season crop mapping ande+ annual map updating (Zhang et al., 2025; Li et al., 2025).

Historical crop mapping products have been widely used to support subsequent prediction and in-season mapping. For example

in the United States, the long-term and consistently updated CDL dataset has enabled the development of automated national -

scale in-season crop mapping and temporal transfer frameworks (Zhang et al., 2021; Li et al., 2024). Similarly, the mapping

results generated in this study provide a foundation for future efforts in spatiotemporal transfer and in-season crop mapping.

—When combined with weather

forecasting and disaster early-warning systems, such frameworks can support agricultural insurance, risk management, and
stabilizing crop production (Yu et al., 2025a; Wu et al., 2023).

In addition, our maps enable direct estimation of crop diversity, rotation frequency and non-grain production trends. Crop
diversity brings multiple benefits for food security and environmental protection. At the national scale, higher crop diversity
can enhance food stability and security (Renard and Tilman, 2021, 2019; Meng et al., 2024). At the field scale, previous studies
indicate that rotation and intercropping can raise yields (Yang et al., 2024; Smith et al., 2023) while reducing fertilizer
dependence and environmental pollution (Li et al., 2020), and soil-improving crops such as legumes can enhance fertility for
subsequent crops (Franche et al., 2009). While the trend of non-grain production reflects the competition for limited
agricultural land between food crops and non-food crops (e.g., cash crops), it is therefore an important consideration for
national food security (Qiu et al., 2024a; Zhu et al., 2024).

From a policy perspective, our fine-resolution annual maps of cropping patterns offer essential data for optimizing planting
patterns and crop switching practices, thereby supporting decisions that address the water—land-energy—economy—
environment—food nexus in agricultural production (Wu et al., 2025a; Xie et al., 2023). The insights gained from this study
contribute to strategies that advance sustainable intensification, strengthen climate adaptation and mitigation capacities, and
ultimately enhance the resilience of China’s agricultural systems to future climate variability while minimizing environmental

impacts.

4.4 Uncertainties and limitations

Although our framework shows promising performance, several uncertainties and limitations should be acknowledged when
interpreting the results and applying the dataset. Firstly, our framework does not directly address biased consensus errors
among multi-source products. Although areas with high agreement among existing products are often interpreted as more
reliable, such cross-product consensus may reflect shared systematic errors rather than true accuracy. Consequently, pixel-

wise agreement may mask underlying misclassification, leading to spatially coherent yet potentially biased predictions.
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Secondly, cEropping intensity plays a central role in our mapping framework, as it determines whether a pixel is classified as
a single or multiple cropping system. We adopted the Cropland Use Intensity maps in China (China-CUI10m), which have
achieved high accuracy when compared to ground truth data (Overall accuracy =90.88%, F1 scores of 0.87 to 0.92, total
size=42193) and statistical data (R>>0.94) (Qiu et al., 2024b). However, multi-cropping systems may still be underestimated,
especially in southern China, due to limited valid Sentinel-2 observations (Qiu et al., 2023). When the proportion of valid
observations drops below 25%, classification accuracy decreases sharply. However, these low-availability conditions affect
less than 10% of China’s cropland (Qiu et al., 2024b).

In addition, reclassification uncertainty may persist in confusion areas. The confusion areas identified in this study represent
regions where different crop mapping products disagree. These areas typically include landscapes with fragmented agriculture,
weak seasonal spectral contrast, or frequent cloud cover, where reference samples are sparse and crop signatures are less
separable. In the absence of sufficient in-situ samples, reclassification of these confusion areas relied on models trained
primarily on samples from high-agreement areas, which may not fully capture the distinct characteristics of the confusion areas.
Moreover, the embedding features derived from the foundation model provide generalized spatial representations but lack
explicit temporal phenological information. This differs from traditional time-series—based crop mapping approaches and may
lack interpretability (discussed in Section 4.1 and 4.2). In summary, users should interpret classification results with caution
in locations where accuracy metrics remain comparatively low (see Section 3.2 for details).

It should also be acknowledged that the representation of minor crop types remains incomplete in the classification system of
our products. Although the current classification covers the major crop types across China, it may overlook less dominant but
locally important crops (such as potato, peanut and various vegetables). Due to their relatively limited spatial extent and low
availability in existing mapping products, these crop types may be aggregated into broader “other crops” categories, leading
to a partial loss of cropping system diversity in the dataset. Future improvements will focus on integrating more detailed crop

inventories and expanding region-specific reference samples to enhance the representation of minor crop systems.

5 Data availability

Datasets produced by this study are available to the public at https://doi.org/10.6084/m9.figshare.30582161 (Li and Yu, 2025),
which include seven single-cropping types (maize, rice, wheat, soybean, rapeseed, sugarcane, cotton) and five double-cropping
sequences (wheat-maize, wheat-rice, double rice, rapeseed-rice, and wheat-soybean). Datasets are provided in a Geotiff
format and in ESPG: 4326 (GCS_WGS_1984) spatial reference system at the spatial resolution of 10 m.

6. Conclusion

In this study, we developed a data-driven crop mapping framework by integrating multiple existing crop products with the
Google Satellite Embeddings derived from the AlphaEarth foundation model, and produced 10-meter resolution mapping of
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complex cropping patterns across China from 2018 to 2021. The crop mapping products generated in this study include seven
single-cropping types, namely maize, rice, wheat, soybean, rapeseed, sugarcane, cotton, and five double-cropping sequences,
including wheat-maize, wheat-rice, double rice, rapeseed-rice, and wheat-soybean.

Firstly, we integrated multiple publicly available crop mapping products within a harmonized framework that applies a unified
cropland extent and cropping intensity, providing a systematic assessment of their consistency at pixel level. Consistency
analysis results classify the study area into areas with consistency and areas with confusion, the latter serving as the mapping
focus. Inconsistent areas were categorized into three classes: Confused, Low-consistency, and Unlabeled. Confused areas are
mainly distributed in the northeast Plain (particularly in the northeastern part), the North China Plain, and Yunnan Province;
Low-consistency areas are concentrated in northern croplands while Unlabeled areas are mainly distributed in western China.
Then, by combining harmonized crop data layers with random forest classifiers trained on foundation-derived embedding
features, our framework effectively enhanced the spatial coherence and temporal stability, achieving an overall accuracy of
92.60% and an F1 score of 0.7584. Compared with ADM-2 statistics, the mapped cropping areas achieved high consistency
(R=:0.849, RMSE =4.61 x 10* ha, MAE = 2.07 x 10* ha) with a regression slope of 1.087. Additionally, the results of feature
importance indicate that different embedding bands-features play distinct roles in multi-year crop classification: bands A8 and

A11 were most important for maize mapping, A10 for rapeseed, A40 for rice, A33 for soybean, and A22A21 for wheat.

The resulting datasets provide an integrated depiction of China’s complex cropping systems, enabling consistent interannual
assessments of changes in crop types, cropping sequences, and spatial patterns at 10 m resolution. From 2018 to 2021, 64.85%
of the cropland experienced changes in cropping patterns. Among the single-cropping systems, rice and maize also exhibited
relatively high stability in cropping patterns, with 82% and 79% of their cropping areas remaining unchanged, respectively. In
contrast, nearly or more than half of the planting areas for soybean, wheat, and rapeseed changed cropping patterns. For double-
cropping systems, the wheat-maize system exhibited the highest stability, with 78% of the area remaining unchanged, followed
by double-rice and wheat-rice, with 66% and 54% of their planting area unchanged. The majority of changes occurred between
single-to-single cropping systems, accounting for 62.95% of the total changed area. Among single crops, the rotation between
maize and soybean was the most common, accounting for 32% of the total soybean area and 13% of the maize area. Among
double-to-double cropping systems changes (accounting for 23.97% of the total changed area), there was a high degree of
alternation from wheat-soybean to wheat-maize systems. In summary, our mapping framework and products established a
robust foundation for refined agricultural management and policy decisions, while supporting climate-smart and sustainable

land-use planning.
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