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Mapping 20-years winter wheat dynamics in global primary planting
areas using Gaussian mixture models with adaptive thresholds
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Abstract. Understanding the spatiotemporal dynamics of winter wheat is essential for ensuring global food security. Currently,
limited research has focused on the global dynamics of wheat over past decades. In this study, we propose a novel framework
to map fractional winter wheat dynamics from 2001 to 2020 at 1 km resolution in key global planting areas from MODIS
satellite data, utilizing a flexible Gaussian mixture model. We first created the stratified samples of winter wheat fractions at
1km resolution from multiple public crop datasets, and then developed a robust random forest regression model using MODIS
surface reflectance. Subsequently, we estimated the actual wheat cover fractions across different regions and years by
analyzing crop mixtures within 1°x1° grids with multiple Gaussian models. The model parameters were utilized to determine
optimal thresholds for winter wheat extraction. The performance of our proposed framework was evaluated spatially and
temporally, revealing significant insights into global winter wheat dynamics. Results demonstrated that our mapping approach

aligns closely with existing local winter wheat maps and statistical data, achieving,annual coefficients of determination (R?)
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above 0.81 with FAO statistics in primary planting regions and exceeding 0.72 at subnational scales. We present, the first
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comprehensive effort to map global winter wheat distribution and dynamics from 2001 to 2020 at a near-global scale. The
proposed framework is readily adaptable to other major crops and demonstrates strong agreement with existing maps and
statistical records. The resulting high-resolution global winter wheat map series provides valuable inputs for global crop
modeling and contributes to achieving the “Zero Hunger”. The product is publicly available at

https://doi.org/10.6084/m9.figshare.32149033 (Wen et al., 2026).
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1. Introduction

As one of the world’s most important cereal crops, wheat plays a crucial role in global food security and the sustainability of

agricultural systems. Ongoing population growth and the increasing frequency of extreme weather events are intensifying

pressures on cropland systems, posing substantial challenges to global food production (Blickensdorfer et al., 2022; Yang et -
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al., 2023), Among wheat types, winter wheat exerts a preponderant influence on the global production landscape, -
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(pel

d: (Jiang et al., 2022; Wéjcik-Gront, 2018)

d: (Renetal., 2019)

encompassing a substantial proportion of the total harvested wheat area, estimated to exceed three-quarters (Jiang et al., 2022;

/ ,CFormatted: Font color: Blue

Wojcik-Gront, 2018), For example, winter wheat contributes approximately 70-80% of total wheat production in the United -

CFormatted: Font color: Blue

States (Ren et al., 2019) and more than 95% in China and Ukraine (Junior et al., 2022; Zhang et al., 2022b). Globally, winter

wheat cultivation exhibits strong spatial heterogeneity and long-term variability due to differences in climatic conditions, farm

size, and field fragmentation (Zhang et al., 2019). Mapping the long-term dynamics of winter wheat globally for agricultural "

activities (e.g., early warning of global food crises, agricultural land optimization, and sustainable decision-making) is

extremely challenging yet critically important (Hunt et al., 2019; Nelson and Burchfield, 2021),
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The development of new sensors and satellite platforms has greatly improved the efficiency and accuracy of crop mapping

using remote sensing techniques (Ashourloo et al., 2022), However, efficiently compositing time-series observations to extract .-

key phenological information during crop growth remains challenging because of frequent cloud contamination and the

relatively long revisit intervals of sensors such as Landsat (Zhu et al., 2022), Despite the relatively short revisit cycle for

‘,(Deleted: (Ashourloo et al., 2022)
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Sentinel-2 data (i.e., 5 days), its relatively short period and spatial resolution variation,make it difficult to apply widely in long- .

d: , making it difficult to widely apply

d: (Kimambo and Radeloff, 2023)

term crop mapping (Kathirvelu et al., 2023) Moreover, these optical data also pose limitations regarding data storage
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Kempeneers and Soille, 2017), Over past decades, the Moderate Resolution Imaging Spectroradiometer (MODIS) data has

been widely applied for crop mapping and its dynamics at a large scale (Zhong et al., 2019), Notably, MODIS images with the

high temporal availability, can capture the spectral dynamics of crop types across the entire growth period, enabling retrieval

(Deleted: (Kempeneers and Soille, 2017)
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of subtle but crucial phenological information across different growth stages (Huang et al., 2022; Qu et al., 2021),

: [" leted: using MODIS images with high temporal availability can

depict the spectral dynamics of crop types during the entire gr(" [1

Only limited efforts have ynapped crop dynamics at large spatial scales, particularly using satellite observations at spatial g

resolutions of 250-1000 m, This is because ynixed-pixel disturbance and spectral confusion within crop regions may affect

: ‘CDeIeted: (Huang et al., 2022; Qu et al., 2021)

mapping performance (Zhang et al., 2021), For example, winter wheat exhibits spectral and p

winter cereals (e.g., winter barley and winter rye) in Europe, as well as winter rapeseed and winter garlic in China (Fu et al.,
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coarse-resolution

2025; Liu et al., 2024; Tian et al., 2024; Yang et al., 2025). Such confusion is typically more pronounced during the vegetative

d: (e.g., 250 m, 500 m, and 1000 m)

growth stage, especially from emergence and tillering to green-up and stem elongation, as crops display similar green-canopy

~ (Deleted: the disturbance of mixed pixels and spectral confu
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traits and growth patterns over time (Akanbi et al., 2024). More specifically, spectral confusion between winter wheat and

; (Deleted: (Zhang et al., 2021)

other winter cereals may persist until the heading stage, whereas winter garlic may exhibit spectral and phenological patterns

similar to those of winter wheat throughout much of the growing season.

To mitigate such a problem, model-driven approaches (e.g., linear and nonlinear models) and data-driven approaches are

widely employed through decomposing crop spectral signals (Wang et al., 2015); as such, fractional information is more
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reliable than binary pixels, especially at relatively coarse resolution. Although several fractional mapping models (e.g., linear
spectral mixture models, multiple endmember-based approaches, and regression methods based on machine learning

technology) have been developed with relatively good performance at regional scales (Ghaffari et al., 2017; Kathirvelu et al.,

2023), they are inapplicable to support large-scale applications, due to spectral variability within and among different crop

CFormatted: Font color: Blue

types. Fortunately, the Gaussian Mixture Model (GMM) offers a probabilistic interpretation with sufficiently smooth

identification boundaries, enabling mapping reliable crop dynamics (Wang et al., 2019), Moreover, the GMM demonstrates _

C" leted: (Ghaffari et al., 2017; Kathirvelu et al., 2023b)
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excellent spectrum unmixing capabilities for coarse resolution satellite observations (Chen et al., 2018), However, most studies

(Deleted: (Wang ct al.. 2019)

about crop monitoring based on the GMM have been mostly limited to cluster and area estimation for different crop types

(You et al., 2023), and few studies have been directly used to investigate large-scale crop dynamics across space and time

(Harshvardhan et al., 2020), Therefore, using crop fraction and the GMM within each grid, we developed a robust, universal ‘
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detection model for fractional mapping.
Although several global and national datasets of crop extent with temporal and spatial dynamics have been proposed (Dong et

al., 2020; Shen et al., 2025), few studies have directly mapped crop fractions. Currently, crop type maps use only binary maps

(e.g., wheat and non-wheat) to represent single crop distribution across time and space (Ghassemi et al., 2022), Most fractional

, (I‘ | d: (Youetal, 2023)
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maps of crops in agricultural practices are mainly aggregated from high resolution maps (e.g., 10m to 30m), which is difficult

to implement at the global scale and across multiple years (Ma et al., 2019; Rufin et al., 2022), to support analyses such as

(Deleted: (Ghassemi et al., 2022)
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agricultural status (e.g., cropland expansion, fallow, and crop distribution patterns). Therefore, crop fraction map is critical to
comprehensively understand temporal and spatial differences within and among homogeneous crop pixels, and further to

effectively reduce uncertainty of fragmented and complex agricultural production structures (Hu et al., 2021), In addition, crop

C" leted: (Ma ct al., 2019; Rufin et al., 2022)
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fraction map can be set as input parameters to support global crop growth model (e.g., APSIM) to improve model simulation

ability (Hao et al., 2021),
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Here, we developed a framework using gaussian parameter regression strategy to generate large-scale and long-term winter
wheat fraction maps at the global scale, at 1 km resolution and spanning from 2001 to 2020. We derived fractional wheat
samples from existing knowledge, i.e., publicly available winter wheat datasets at relatively fine resolution. Subsequently, we
utilized a gaussian parameter-based method for the estimation of the optimal threshold from the estimated fractional maps.
Finally, we assessed the mapping performance from spatial and temporal perspectives using multiple datasets from available

crop cover datasets and official statistics. Furthermore, our fractional mapping framework bridges the critical gap between

temporally inconsistent high-resolution binary maps and coarse-resolution mixed pixels. It delivers a long-term, spatially

continuous, and sub-pixel-accurate benchmark for global winter wheat dynamics, maximizing its potential for regional crop

yield modelling, climate impact assessment, and agricultural policy decision-making.
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2. Study area and datasets
2.1. Study area

To capture global winter wheat dynamics, we selected 53 countries representing the main winter wheat cultivation regions
(Fig.1). To collect sufficient samples of winter wheat proportion across different countries, we divided these countries into
two parts (i.e., pink and blue regions in Fig.1) regarding available winter wheat datasets (e.g., the winter wheat classification
datasets and yield data). Here, the region included in our analysis represents most of global wheat cultivation, encompassing

about 92% of the harvested areas and 93% of global production (FAOSTAT, 2025),
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Fig 1. The primary planted areas of winter wheat in our study, including Asia, Europe, Oceanica, North America and south America.

2.2. Datasets

We adopted daily MOD09GA v061 images as our primary dataset, spanning from 2001 to 2020, to map the dynamics of winter
wheat in a form of fraction. Specifically, we used all available MOD09GA v061 surface reflectance images to better capture

the seasonal dynamics of winter wheat (Ding et al., 2022), with seven calibrated daily spectral bands with spatial resolutions

: (l‘ leted: (FAOSTAT, 2020)
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of 500 ym, of which the atmospheric effect has been corrected. Rather than applying a universal timeline, we adjusted the 12-

‘ CFormatted: Font color: Blue

month processing window to align with crop calendars—setting the timeline from September to August of the following year

for the Northern Hemisphere and from April to March for the Southern Hemisphere to cover the full winter wheat growth

cycle. In addition, we identified and masked cloud, cloud shadow, aerosol, and snow observations by using the pixel quality

assurance (QA) layer to retain only valid observations. We computed the 5th, 50th, and 95th percentiles of valid observations

for each spectral band monthly, using these as the spectral-temporal features.

We used four crop type datasets to collect winter wheat samples with proportion information. The Cropland Data Layer (CDL)
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were produced by the National Agricultural Statistics Service (NASS) in the United States Department of Agriculture (USDA)
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at 30m resolution , which provides annual crop cover from 2008 with mean accuracies exceeding 95% (USDA-NASS, 2025).
For Canada, the Agriculture and Agri-Food Canada (AAFC) provides an Annual Crop Inventory (ACI) product using high-
resolution remotely sensed imagery, to depict national crop cover at a 30 m resolution from 2011 to present (AAFC, 2025).

The EUCROPMAP product offers detailed spatial information of 19 crop types across Europe (EU) in 2018 with 10 m

resolution and high accuracy (Shao et al., 2023). In addition, Dong et al (2020), generated the China winter wheat maps at

30 m resolution with high accuracy. To characterize the winter wheat fractional changes at the pixel scale (i.e., 1km), we
aggregated 10m and 30m binary winter wheat maps into 1km winter wheat fractional maps. We utilized all acquired winter
wheat proportion samples to construct the regression model for estimating their wheat proportions. Besides, they were also
used to derive locally optimal thresholds using parameters from multiple gaussian models.

In addition, we also collected global winter wheat yield data (i.e., GlobalWheatYield4km) as a reference for countries where

winter wheat datasets were not available (Zhang et al., 2024), The GlobalWheatYield4km dataset provides pixel-level yield
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information of spring and winter wheat at a 4km resolution. We aggregated 4km binary winter wheat maps into the 10km
fractional maps to collect proportion samples. Given that the GlobalWheatYield4km data covers the whole period over the
past two decades, here we temporally expand extracted winter wheat samples from 2020 to other years. Moreover, we collected
cultivated acreage statistics data from the Food and Agriculture Organization (FAO) to validate our mapping results.
Specifically, we utilized the crop acreage of wheat from the Crops and Livestock Products at the country level to validate our
temporal and spatial results from 2001 to 2020 (FAOSTAT, 2025).

3. Methodology

We presented a framework for capturing the long-term and large-scale dynamics of winter wheat across key producing regions

(" leted: (Zhang et al., 2024)
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worldwide (Fig.2). First, using collected winter wheat samples in each country, we estimated the fraction of winter wheat
within each 1 km resolution over past decades (Fig.2a). These winter wheat samples derived from proportion maps aggregated
by crop type map, using the random stratified sampling approach. Then, we identified the winter wheat dynamics with
estimated locally optimal thresholds, using multiple gaussian curve parameters across time and space (Fig.2b). Specifically,
we extracted gaussian parameters by decomposing gaussian curves, and these parameters were served as inputs to estimate the
locally optimal thresholds within each 100 km grid. Finally, we assessed the mapping performance across spatial and temporal

perspectives using multiple datasets from various sources (i.e., publicly available crop datasets and official statistics) (Fig.2c).
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Fig 2. The methodology of winter wheat mapping with gaussian parameter regression strategy, including the generation of regression
proportion map from the winter wheat products (a), the estimation of locally optimal thresholds using gaussian parameters (b), and

the temporal and spatial evaluation of mapping performance (c).

3.1. Generating regressed fraction maps of winter wheat

We generated fractional maps of winter wheat using the robust yandom forest regression model in each country (Fig.3) with Cl‘ leted: and harmonious
252 predictors (Table S1). Due to their high spatial resolution or long-term data availability, several crop datasets, i.e., CDL CFormatted: Font color: Auto
(Borrelli et al., 2023), EUCROPMAP (Hao et al, 2020), China winter wheat maps (Dong et al., 2020), and B CFormatted: Font color: Auto

GlobalWheatYield4km (Zhao et al., 2023), have been widely utilized in agricultural fields. Thereafter, we adopted these data (Deleted: Borrelli et al., 2023)

i ‘(Deleted: (Hao et al., 2020)

to extract reliable training samples for winter wheat with true fraction references using a random stratified sampling algorithm.
(Deleted: (Dong ct al., 20200)

In our study area, we first aggregated binary maps with fine spatial resolution (i.e., 10m or 30m) of winter wheat into 1 km ) E(Formatte 4 Font color: Blue

using the mean filter to generate the fractional map, which represents the proportion of winter wheat within each pixel (Fig.3a). ~ ° (Formatted: Font color: Blue
Particularly, in regions where crop data are unavailable (e.g., India, Australia, and Brazil), we aggregated the 4 km ; ‘(Deleted: (Zhao et al., 2023)
GlobalWheatYield4km dataset to 10 km and incorporated as ancillary data for deriving fractional samples, Then, we used (Formatted: Font color: Blue
random stratified sampling scheme to collect training samples for winter wheat proportion estimation in each country (Fig.3b). CDeIeted: :
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Specifically, we divided each regressive map from 0 to 100% using the interval of 10%, based on which an equal number of

samples were randomly extracted within each category. We collected approximately 10000 samples in total for most countries

while several smaller countries (e.g., Monaco) provided around 5000 samples due to their limited spatial extent. Finally, we

mapped the winter wheat dynamic in a fractional form from 2001 to 2020 by introducing the previously developed “adaptive

strategies” approach (Fig.3c) (Wen et al., 2022a), which aims to use representative samples with repeated sampling to improve Cl‘ leted: (Wen ctal., 2022)
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the model performance. It is worth noting that this is an iterative process of training the model for robust performance. We

collected representative winter wheat samples and incorporated them into the training dataset for years with relatively poor

model performance. We retrained the RF model with the revised samples and iteratively expanded the training dataset to

255 enhance its robustness across years.
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Fig 3. Mapping the winter wheat fraction using samples from existing datasets, including the generation of winter wheat fraction
maps (a), stratified rand pling (b), and blisk t of winter wheat regression model (c).
3.2. Predicting the locally adaptive, threshold using gaussian mixture parameters Cl‘ leted: optimal

260 We analyzed the gaussian parameters within the 100 km (i.e., 1°) grids to train the global random forest regression model
regarding segmentation threshold (Fig.4). First, we established a global seamless grid (i.e., 100km>100km) for all countries

in our study area, to extract gaussian parameters in the next step. Besides, we retained the cropland extent using the five

p CDeIeted: the GLAD dataset

available GLAD global cropland extent layers (i.e., 2003, 2007, 2011, 2015, and 2019) at 30 m resolution and selected the
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temporally nearest cropland layer for each mapping year to mask, the non-cropland areas to reduce uncertainties (Potapov et
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265 al., 2022), It is worth noting that we utilized the 30 m GLAD cropland dataset rather than the 500 m MCD12Q1 cropland
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operating characteristic (ROC) curve to derive the ROC-derived optimal threshold (balanced point) between referenced and
predicted proportion maps, which is necessary to further exclude uncertain winter wheat pixels, such as those less than 0.206

in Fig.4a. We evaluated candidate winter wheat fraction thresholds within each 100 km grid and selected the value that

maximized the difference between TPR and the FPR as the ROC-derived optimal threshold,

Ty°¢ = argmax,[TPR,(t) — FPR,(t)]__(1)

where T7%¢ is the ROC-derived optimal threshold for grid g, and TPR and FPR are the true-positive and false-positive rates at

candidate threshold t.

We then analyzed the gaussian parameters in both the single and bi-gaussian curves within each 100km grid as the training
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features, respectively (Fig.4b). The gaussian model shows clear physical meaning regarding the dominant crop types (Guan et

al., 2023), Taking the bi-Gaussian curve as an example, clear differences between the two distributions of winter wheat are

s CFormatted: Font color: Blue

observed, demonstrating the discriminative power of Gaussian parameters, including the mean (), amplitude (A), and standard
deviation(c), The mean (u) and amplitude (A) of the gaussian curve reflect the regional

concentration of winter wheat within each 100 km grid, in which higher values of both parameters generally indicate a more

and the spatial

dominant distribution of winter wheat in the regional cropping structure (Skakun et al., 2017), The standard deviation (o)

- Cr‘ leted: within (Guan et al., 2023)(Guan et al., 2023)
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characterizes the spatial heterogeneity of winter wheat distribution, where larger values are associated with greater field

h CFormatted: Font color: Blue

C" leted: (Skakun et al., 2017)(Skakun, 2017)

fragmentation and a mosaic pattern of different crops (Liu et al., 2020a; Masilitinas et al., 2021), Considering the possibility

((Deleted: (Liu, 2020; Masilinnas, 2021)

of relatively high proportion within the grids in the major planted regions of winter wheat, we also adopted the parameters

derived from single gaussian function to enrich the diversity of input features. The single and bi-Gaussian models are defined

as follows.

G(x) = Aexp[—(x — )?/(20%)]_(2)

where x is the winter wheat fraction, and p, A, and ¢ denote the mean, amplitude, and standard deviation, respectively.

G(x) = Ayexp[—(x — 1)?/(207)] + Azexp[—(x — 1)?/(203)]_(3)
where (W, A1, 61) and (2, Az, 62) describe the two Gaussian components within a 100 km grid. We applied the single and bi-

Gaussian distributions to demonstrate variations in winter wheat planting structure within each grid, rather than to identify

specific crop types. It is worth noting that we used two Gaussian components for each grid and applied identical parameters to

them in the single Gaussian distribution to maintain consistency for threshold regression parameters.

We finally estimated the locally adaptive,threshold for winter wheat proportion using these gaussian features as inputs for each
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grid, under which value areas are relatively consistent between referenced and predicted fractional maps (Fig.4c). We used the
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Gaussian parameter features to predict the locally adaptive threshold for each 100 km grid using the random forest regression

model,

To = fRe(Ze) = 1/M Ymi™ hin(Z)  (4) ]

where T, is the predicted locally adaptive threshold for the g-th 100 km grid, Z represents the Gaussian parameter features

M is the number of trees in the RF model, and hm denotes the prediction of the m-th regression tree. Specifically, we employed
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the locally adaptive threshold within each 100 km grid to determine the RF-predicted winter wheat proportion. The

thresholding process is defined as follows,
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3.3. Evaluating the mapping performance

We evaluated our fractional mapping results at both the grid and country scales. At the grid scale, we used publicly available

winter wheat datasets as reference data, and compared with aggregated winter wheat areas within 100 km grids to assess the
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performance of the Gaussian parameter-based threshold estimation approach. At the country scale, we employed the Pearson

correlation coefficient (R), coefficient of determination (R?), and root-mean-square error (RMSE) to evaluate the mapping

NN

performance of the derived fractional winter wheat results (Pott et al., 2021; Tran et al., 2022), We further compared winter e Cl‘ leted: (Pott et al., 2021; Tran et al., 2022)
wheat areas and their annual trends with surveyed records from the FAO database at country level CFormatted: Font color: Blue
(https://www.fao.org/faostat/en/#data). In addition, we also assessed the mapping area at the, subregional and pixel scale - (l‘ leted: a

between our mapping results and official statistics in several regions (e.g., China, the US, and EU countries). Furthermore

pixel-level evaluation was conducted at a 5km resolution to stabilize interannual variations from crop rotation, maintain direct

spatial compatibility with gridded meteorological drivers and crop yield models (e.g., GLAM) (Becker-Reshef et al., 2018), o Cl‘ leted: (Becker-Reshef et al., 2018)

and ensure scale robustness.
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4. Results and discussion

4.1. Importance of input features derived from winter wheat regression model

Both the MODIS spectral and phenological features are crucial for mapping the spatiotemporal dynamics of winter wheat

fractions (Fig. 5). We measured the importance of input features to the mapping performance in the random forest regressor = CFormatted: Font color: Blue

by summing the 5th, 50th, and 95th percentile importance scores for each band within each month, thereby better assessing

the spectral-temporal characteristics of winter wheat mapping. In general, input features derived from the sixth to the tenth

months of the winter wheat growing season (i.e., Green-up-jointing, Heading-grain filling, and Senescence-harvest stages) ,.CFormatted: Font: (Asian) Times New Roman
play vital roles in the mapping performance, suggesting the growing status in these stages is considerably,different from other . e CFormatted: Font: (Asian) Times New Roman
non-winter wheat types. Besides, input features such as Bl, B2, and B7,are more crucial than B3, B4, B5, and B6, Specifically . CFormatted: Font: 10 pt
. L . . . N . L { Formatted: Font: 10 pt
B2,in the Green-up-jointing stage,is the most essential feature in our study, followed by B1,in the Green-up-jointing stage, and . C i
. . . . . . T (Formatted: Font: 10 pt
B2 in the Heading-grain filling stage (i.e., red rectangles). These two bands are important to estimate the proportion of winter
i - il (Formatted: Font: 10 pt
wheat, probably due to the rapid changes in canopy structure and chlorophyll content during the Green-up-jointing and : Font: 10 pt
Heading-grain filling stages (Fan et al., 2024; Li et al., 2024), In addition, B7 is essential to winter wheat classification as its : Font: 10 pt
relatively high importance after the Overwintering growing stage. : Font: 10 pt
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ectral-temporal features in different months to the corn classification.

4.2, Winter wheat regression model

The spatial distribution between aggregated fraction maps from fine resolution (i.e., true proportion) and the regressive maps
(i.e., predicted proportion) in winter wheat are relatively consistent, as illustrated in four countries (i.e., China, US, France,

and Germany) (Fig.6). We visualized the distribution of 5000 samples with fraction values in the form of frequency histogram
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in each country, which were derived from aggregated and regressive maps of winter wheat using stratified random, sampling

‘ (Deleted: cropland

approach_from 0 to 100% using the interval of 10% to improve sample representativeness, respectively. We found there is a

relatively high similarity between true and predicted proportions in both China and US (Fig. 6, a-b), while those in France and

: CDeIeted: randomly

(ot

Germany show some fraction gaps in low-proportion distributions (i.e., 0-20%) (Fig. 6, c-d). This phenomenon is attributable

CDeIeted: 5

to (1) in Western Europe, small and isolated wheat patches generate weak spectral signals surrounded by dense non-cropland

features. At coarse resolutions, these weak mixed signatures resemble background noise and are subsequently masked by our

local adaptive thresholding algorithm, (2) the systematic error associated with machine learning—based regression,

characterized by the underestimation of high fraction values and overestimation of low fraction values (Yahiaoui et al., 2021), / -/

and (3) uncertainties arising from data quality limitations and variations in MODIS image availability over previous decades

(Ren et al., 2021), Specifically, winter wheat fractions are highest in China and lowest in the United States, with intermediate

values observed in France and Germany, which is highly related to cropping pattern and crop management (Liu et al., 2020b).
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In addition, we further quantified the Wasserstein distance between the true and predicted proportions, which represent the
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difference in their probability distributions (Naumann et al., 2026), Overall, these four countries have a low Wasserstein -
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distance, suggesting the predicted proportions in those regions agree well with the true proportions. For example, the

Wasserstein distance in China, the US, France, and Germany are 5.81, 7.85, 12.74, and 15.43, respectively,
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Fig 6, The parison of spatial distribution between aggregated fraction maps and regressive maps for winter wheat in China (a), .-
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the US (b), France (c), and Germany (d).

4.3, Gaussian parameter-derived optimal thresholds leted: 2

We developed a robust and harmonized gaussian parameter derived optimal thresholds for winter wheat fraction map with

good performance, Using the same validation dataset illustrated in Section 3.2, we compared the area differences of winter .- Cl‘ leted: (Fig. 6)
wheat between true and predicted proportions at 100 km grid scale, to evaluate the robustness of the model in various regions,

such as China, US, and EU countries. Overall, our predicted result (i.e.,yellow box) agrees well with the reference proportion Cl‘ leted: blue

(i.e., blug, box) (Fig. 7), suggesting the final model can achieve optimal thresholds using gaussian derived parameters, within

. C" leted: yellow

100 km grids at a large scale. Besides, other features such as violin plot, mean value (i.e., red rhombuses), and median (i.e.,
black bold lines) also show good agreement for these two fraction maps in different countries. In addition, the winter wheat

area within each grid in China is commonly larger than the other two regions, indicating that there is a relatively large gap in

12

o CDeIeted: 6

NN AN /




415

420

425

430

cropping patterns in these three countries, which may be related to regionalization and varieties standardization of wheat
production in China (Jin et al., 2023),
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We evaluated the robustness of the Gaussian threshold estimation by assessing both grid-size sensitivity and spatial

independence between the training and validation data. First, we conducted a sensitivity analysis to determine an appropriate

grid size by comparing the R? values of winter wheat optimal thresholds from predicted and reference fraction maps for 50
100, and 200 km grids. The R? values of 0.902, 0.967, and 0.972 for the 50 km, 100 km, and 200 km grids, suggesting the

mapping agreement improved substantially from 50 to 100 km, whereas increasing the grid size from 100 to 200 km provides

only limited improvement. Although the 200 km grid achieved the highest R?, its coarse scale might merge diverse cropping

patterns and weaken the local accuracy of the Gaussian-based thresholds (Xie et al., 2025), In addition, we assigned entire

b (Formatted: Font color: Blue

NN
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100km spatial blocks exclusively to either the training or validation dataset to reduce spatial dependence between the trainin;

and validation data. The R? value between the predicted and reference optimal thresholds was 0.926, indicating the threshold

estimation performance remained stable after reducing spatial dependence between the training and validation grids,
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Fig 7, Comparison of the derived areas using g: ian parameter derived optimal thresholds at the 100 km grid scale in China, the .

US, and EU countries, Blue and yellow represent the reference data and our results, respectively. The boxplots and violin plots show ..

the area distributions. Red diamonds indicate the mean values, and black bold lines denote the median values.

4.4, Accuracy assessment of winter wheat fraction maps

o (Formatted: Font color: Blue

NN

= [Formatted: Font: (Asian) +Body Asian (SimSun), (Asian)

Chinese (China)

'(Deleted: 6

'(Deleted: in different countries or regions

4.4,1. Compared with country-level FAO statistics

13




The comparison of our mapping results with FAO acreage statistics from 2001 to 2020 indicates that winter wheat mapping
accuracies are generally high across most countries in the study region (Fig. 8). The R? values, all above 0.81, confirm that the
440 mapped winter wheat areas are in strong agreement with FAO statistics at the national scale. Besides, the slope between our
fractional mapping results and statistics data tends to be 1, i.e., the differences in the winter wheat area of these two results are
relatively small at the country scale. At the national level, our mapping results exhibit a similar annual trend to the reference
data during 2001 to 2020, with the annual difference relative to the long-term mean within 10% (Fig.S1), suggesting our model
can well capture the dynamics of winter wheat. Nevertheless, our mapped results of winter wheat fractions are slightly
445  overestimated in most years (e.g., 2013 and 2019), which may be closely related to the systematic disturbance of the random

forest regression model (Schwalbert et al., 2020),and the data quality (e.g., the available crop datasets and MODIS images)

(Wang et al., 2020),

C" leted: (Schwalbert et al., 2020)

‘ CFormatted: Font color: Blue

2001

2002

2005

2003 | 2004

Slope: 0.92

Slope: 0.95

Slope: 1.08 Slope: 0.95
1 . R2: 0.81 R2:0.81 R%:0.84 R2:0.87
0 RMSE: 2.19 RMSE: 2.43 RMSE: 2.33 RMSE: 2.09
s 2006 [ 2007 2009 2010 |
=4
g g
S 2 / .
f=2 Slope: 1.10 Slope: 0.99 . Slope: 1.00
w 1 v R2: 0.86 R? 0.80 . R 0.81
2 0 £ RMSE: 1.88 RMSE: 2.52 o RMSE: 2.41
<
B 2011 ] 2012 | 2013 [ 2014 2015 |
8
3
=] .
<2 Ry
= Slope: 0.78 Slope: 0.82
.., 2 0. L R2:0.84 R 0.85
0 RMSE: 2.64 RMSE: 2.41 o RMSE: 2.82 RMSE: 2.66

2016

2017

2018 2019

2020 |

R 0.90

Slope: 0.

RMSE: 2.09

89

Slope: 0.82
o R% 0.81
Zs °  RMSE:2.88

~“Slope: 0.77
) R%: 0.86
& RMSE: 2.76

Fig 8, Comparison of national-level winter wheat areas derived from our

i 501 2 3 4 501 32 3 4
Predicted country area [105 km?]

1 2 3 45

‘CDeIeted: (Wang et al., 2020)

" ‘(Formatted: Font color: Blue

NN AN

ping results and FAO statistical data over the period

450  2001-2020.

14




455

460

465

4.4,2. Compared the spatial pattern with other winter wheat products

(ot

Comparing our mapped results in 2020 and the crop type datasets (i.e., CDL and the winter wheat product), most winter wheat

growing regions (i.e., China and the US) of winter wheat have relatively similar spatial dynamics (Fig.9, 10). Here, we

(ostas

aggregated binary winter wheat maps at finer resolution into 1km winter wheat fractional maps, to integrate the comparison
criteria to the fractional level. Our mapped results show strong agreement with the reference datasets, indicating that the
fractional mapping model achieves relatively high accuracy at a large scale. Enlarged views of three representative winter
wheat growing regions are presented to further illustrate the performance of the gaussian mixture-based locally optimal

threshold approach (Fig.9¢, 10¢). The derived fractional mapping results for sites A-C in China and the US are close to the
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acquired reference fraction data, although there exists a missing phenomenon in some distribution areas with a low fraction of
winter wheat. In addition, our model could also achieve relatively good performance in EU winter wheat growing countries

(i.e., France, Poland, and Germany in 2018) (Fig. S2).
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Fig 9, Comparison of mapping performance between the existing product (a) and our mapped results, (b) for China in 2020, (c) is
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enlarged views for typical regions. The left figure of (c) is the aggregated winter wheat map produced by Dong et al.(2020), and the _

right is our result.
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Fig 10, Comparison of mapping performance between the CDL product (a) and our mapped results (b) for US in 2020. (c) is enlarged -~ - CDeIeted: (USDA-NASS, 2023) )

views for typical regions. The left figure of (c) is the aggregated winter wheat map in 1km from CDL data (USDA-NASS, 2025), and

the right is our result.

4.4,3. Compared with winter wheat products at various levels

The proposed mapping method is robust in mapping temporal winter wheat distribution dynamics at the country level. Here,
we aggregated our mapped result and other winter wheat products (e.g., the 30m winter wheat maps in China, CDL,
EUCROPMAP) into 5km (same resolution as the grided yield data) to validate the mapping performance of our method over
a long time series. The result indicated that our fractional mapping results had high accuracy in four different regions in 2018,

with R-value and RMSE as 0.78 and 0.04, respectively (Fig. 12). Moreover, the proposed fraction mapping framework

demonstrated high accuracy in producing reliable results across different years (i.e., the mean R-value and RMSE were 0.84

and 0.05 in China from 2016 to 2020, and 0.74 and 0.04 in the US from 2008 to 2020) (Fig. S3, 4). It is worth noting that there
are two distinct clusters of data points only in China from 2016 to 2020 (Fig. 12, S3), while other countries exhibit a single

concentration of data points at lower values (e.g., the US from 2008 to 2020, and France, Germany, and Poland in 2018) (Fig.

12, S4). This distinct bimodal pattern in China reflects a dual agricultural structure, where high-fraction clusters correspond to

~<|" d:3

L (Formatted: Font: Bold

Deleted: The proposed fraction mapping model can achieve similar
spatial dynamics to the distribution of the GlobalWheatYield4km
product. Still, improved performance (Fig. 10). Here, our generated
fraction mapping model can elevate the accuracy and efficiency of
winter wheat dynamics by distinguishing the differences in cropping
intensity at 1 km resolution. Overall, the spatial patterns of our
mapped results closely match those of GlobalWheatYield4km in the
study area (Fig. 10a), suggesting the fraction mapping framework is
capable of exploring winter wheat distribution in global countries. To
illustrate the specific information regarding our mapping results, we
selected six regions with enlarged views and compared differences
between the generated winter wheat maps and
GlobalWheatYield4km (Fig. 11b). Because there is a finer resolution
in our fraction mapping results regarding winter wheat, which
provides more detailed spatial information and fraction differences
compared to the referred GlobalWheatYield4km data. For example,
sites I-I1T have easily identifiable land types, such as urban extent and
riverway. However, for sites IV-VI, our fraction mapping results
have notable distribution differences in space compared to the
GlobalWheatYield4km data, especially for low-proportion regions.
This deficiency might be highly related to coarse resolution (i.e.,
4km) and crop mapping errors. Our results indicate that the proposed
crop fraction mapping framework helps generate a robust and
CaaD)

effective regression model with good performance.

large, contiguous wheat blocks in intensive agricultural basins (e.g., the North China Plain), whereas low-fraction clusters i
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correspond to fragmented, smallholder patches in mountainous or transitional zones (Fig. S5). In contrast, intercropped crop (Deleted:
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medium-to-small contiguous parcels produce a more localized cluster distribution, In addition, we compared our annual

Deleted: That may be attributable to the fact that China has a much

fractional mapping results with the ChinaWheat30L dataset from 2001 to 2020 to further assess mapping performance at the

pixel scale. The comparison results of R and RMSE suggested excellent adaptation and effectiveness of the proposed winter

wheat proportion mapping framework across years in our study (Table,S2).
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Fig 12, Comparison of aggregated winter wheat fraction data at Skm between our results and the other winter wheat products in

higher winter wheat planting density than in the US, due to limited
Land resources, smaller cropland scale, and different market demand
and economic factors compared to the US (Pan et al., 2021). In the
EU, the low winter wheat planting density may be associated with the
diversity of agricultural policies and climatic conditions across
countries, leading to differences in planting strategies.
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The employed fraction framework of winter wheat shows great mapping performance regarding the temporal trends of area

dynamics at the subregional level, compared to the publicly available winter wheat products (Fig. 13). We selected the

subnational-level regions with a relatively high cover of winter wheat in China (i.e., 24 provinces) and the US (i.e., 37 states)
to illustrate the effectiveness of mapping performance across time in our study, respectively. The R? in both China and the US
in temporal dynamics are above 0.95 and 0.72, respectively, suggesting the regression results in those sub-administrative

regions are considerably consistent with the reference data (Fig. 13, a-b). For example, the mean R? in China and the US is

0.97 and 0.80, respectively. Here, we selected 2016 and 2008 as the start years to determine accuracy in China and the US,
considering the conterminous national extent of winter wheat. In addition, the EU countries also have a high R? between our

results and EUCROPMAP data in 2018, with a high R? of 0.88 (Fig. 13¢). Given that only a few states in Canada grow winter

wheat, we compared the accuracies between our results and ACI data by using yearly national planted area from 2011-2020,
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which shows our results match well with the survey data (Fig. SG). Overall, our results show a high consistency between

predicted results and publicly available winter wheat products, indicating the proposed fraction mapping framework was

reliable for mapping winter wheat dynamics.
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Fig 13, Comparison of region-scale winter wheat areas in China (a), the US (b), and the EU (c). The line chart in (b) shows the<-.

changes in R? values for the US from 2008 to 2020,
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The temporal dynamics of winter wheat area between our results and the ChinaWheat30L data show good performance

from 2016 to 2020 through an adaptive sampling strategy to other years, thereby generating annual winter wheat proportion

maps for China from 2001 to 2020. In the main winter wheat districts (i.e., 24 provinces) of China, the values of the R? .-

measured from our results are above 0.9, indicating the obtained winter wheat areas for 2016 to 2020 are highly consistent

with the ChinaWheat30L data at the subnational scale (Fig.14a). It is worth noting that the model performance using samples

derived from 2016-2020 demonstrates significant temporal transferability, allowing it to be effectively applied to the years

2001-2015, even though it was not trained on samples from that earlier period (Fig.14b). For example, the mean R? in both

2001-2015 and 2016-2020 is 0.95 and 0.96, respectively. In addition, we found the fitted regression line lies above the 1:1 line
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at high values from 2001 to 2015, suggesting an underestimation of winter wheat area in these regions, whereas the opposite

pattern was observed from 2016 to 2020. This phenomenon may be attributable to interannual variations in climatic conditions

and crop management practices, as well as to long-term changes in MODIS sensor performance. First, variations in climate

and management can influence winter wheat growth, canopy development, and spectral-temporal traits, thereby in turn

affecting the estimation of high winter wheat proportions and partly illustrating the underestimation from 2001 to 2015 (Lobert
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might cause temporal inconsistencies in spectral observations, which can influence regression estimates and add to the
observed bias (Heck et al., 2019),
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Fig 14. Comparison of region-scale winter wheat areas in China between our results and the ChinaWheat30L data for 2001-2015 (a

and 2016-2020 (b). The line chart in (a) shows the changes in R? values for China from 2001 to 2015.

4.5, Uncertainty

Several sources of errors and uncertainties limited the performance of the proposed large-scale fraction mapping approach for
winter wheat. First, we adopted two masking methods (i.e., cropland and ROC masks) to exclude non-winter wheat pixels
after generating regressed fraction maps. Consequently, pixels with extremely low fractions were excluded in our mapping
results, given that our coarse resolution data (e.g., MODIS) are not able to characterize highly spatially mosaic maps derived
from fine resolution data (e.g., Sentinel or Landsat). Second, the referred high-resolution products (e.g., 10m to 30m) may also
contain errors and uncertainties from crop datasets and spectrum, although we have already excluded many uncertain samples
using “adaptive strategies” approach (Wen et al., 2022b). For instance, these referred high-resolution productions at a fine
spatial resolution are associated with noticeable errors in the fragmented planting region. Nevertheless, the proposed approach
can indicate the changes at the global primary planting areas well, which helps support policy decisions and crop growth
models._Third, due to the complex non-linear coupling among atmospheric contamination, cropland mask inaccuracies, and

sensor spatial resolution, a fully decoupled variance decomposition to isolate individual error sources remains unfeasible.

Furthermore, our two-stage pipeline carries an inherent risk of error propagation where Stage 1 fraction prediction uncertainties

inevitably flow into Stage 2 GMM parameterization and thresholding, making step-by-step error tracking an ongoing

methodological limitation. Finally, we acknowledge that aggregating pixel-level fractions to estimate total wheat area assumes

additive and unbiased fraction predictions; thus, any systematic bias in local fraction estimation can propagate linearly into

regional and national area totals.

Temporal changes in winter wheat spectral and phenological traits, along with MODIS observations, are important

considerations for long-term monitoring over two decades. Climatic and agronomic changes (e.g., climate warming, cultivar
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shifts, and changes in sowing dates and agricultural management) can alter winter wheat phenology, thereby affecting its

spectral-temporal characteristics over time (Tao et al., 2022), These temporal variations can limit the applicability of winter
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wheat mapping models across different time periods, particularly in years lacking contemporaneous reference samples,(lei et

al., 2024; Mohammadi et al., 2024; Pham et al., 2024). Hence, we further evaluated temporal transferability at the subnational

scale in China, where the model trained on samples from 2016-2020 achieved mean R? values of 0.95 for 2001-2015 and 0.96

for 2016-2020(Fig.,14), The comparable R? values between these two periods indicate strong temporal transferability, although

our results show a relatively large systematic underestimation from 2001 to 2015. In addition, the Jong-term operation of Terra
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2024)
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MODIS can lead to uncertainties related to sensor performance, due to sensor degradation and calibration issues. Although o
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ongoing calibration and Collection 6.1 processing greatly enhance the temporal consistency of MODIS observations, previous

studies suggest that sensor performance and product stability remain important considerations,(Roman et al., 2024; Yan et al.,
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The product is publicly available at https://doi.org/10.6084/m9.figshare.32149033 (Wen et al., 2026). The dataset includes
GeoTIFF images, with values ranging from 0 to 100 representing the proportion of winter wheat cultivation in each pixel. We

encourage users to independently verify the global winter wheat maps.

6. Conclusion

Here, we developed a framework to map the spatiotemporal dynamics of winter wheat fractions across major global planting
regions with robust performance, based on parameters derived from a gaussian mixture model. Specifically, in the main global
planted countries, the mean R? over the 20-year period is about 0.81 compared with the acreage statistics from FAO data.
Moreover, our fractional mapping results in our study show strong agreement with reference datasets in the study area,
capturing a similar annual trend from 2001 to 2020. On the one hand, most growing districts (i.e., China, the US, and EU
countries) of winter wheat have relatively similar spatial distribution between our mapping results and the crop type datasets.

On the other hand, the proposed fraction mapping method appeared good performance at the regional scale, with mean R? in
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China and the US are 0.97 and 0.80. At the grid scale, the mean R-value and RMSE were 0.84 and 0.05 in China from 2016
to 2020, and 0.74 and 0.04 in the US from 2008 to 2020.

Accurate and timely winter wheat mapping is essential for supporting global food security and promoting sustainable
agricultural practices. This is first attempt at mapping global wheat distribution and dynamics over such a long period. The
proposed mapping framework is flexible and extendable to other crop types (e.g., maize and rice), showing good performance

with existing local maps and statistics (Olofsson et al., 2014), Notably, our fraction map of winter wheat can improve the
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model simulation ability regarding the global crop growth model (e.g., APSIM). In addition, the generated fine-scale global
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