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Abstract

The Northeast region serves as a vital grain production base in China, with an increasingly prominent
role in national food security. This study integrated existing crop classification products and land cover
data to extract samples of rice, maize, soybean, and other land cover types within Northeast China
covering the period 1985-2024. An inter-annual sample migration method based on Spectral Angle
Mapper (SAM) was adopted to construct a comprehensive sample database, to be used as input for crop
type classification, covering the entire study period. By leveraging Landsat imagery and applying the
Random Forest algorithm, we generated 30-meter-resolution crop maps for rice, maize, and soybean from
1985 to 2024. The resulting maps achieved high accuracy, with crop area estimates highly consistent with
municipal-level statistical data. Among the three provinces, the maximum overall accuracy and Kappa
coefficient could reach 0.99. Liaoning Province achieved the best average classification accuracy, with
mean overall accuracy and Kappa values of 0.87 and 0.81, respectively. These findings provide a robust
data foundation for ensuring food security and informing agricultural management strategies.
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Background & Summary



Food security is a critical global concern, and the optimization of cropping structure is fundamental
to ensuring regional food security. As one of the world’s largest agricultural producers, China has
experienced continuous changes in its cropping systems driven by policy interventions, market dynamics,
and climate variability!. Northeast China, one of the country’s most important grain-producing regions,
plays a pivotal role, where changes in the distribution of major crops such as rice, maize, and soybean
have significant implications for national food security. In this context, accurate identification of crop
types, cropping patterns, and their interannual dynamics is essential for understanding agricultural system
evolution and assessing food security?.

In recent years, substantial progress has been made in crop type mapping at the national scale in
China, driven by advances in remote sensing data and computational methods. Existing studies have
developed nationwide datasets of crop distribution®* and cropping systems® using multi-source data such
as Landsat, MODIS, and Sentinel, providing valuable insights into large-scale agricultural patterns.
However, these products remain constrained by spatial resolution and temporal consistency, limiting their
ability to capture complex cropping structures and rotation systems at regional scales.

At the regional scale, extensive efforts have been devoted to crop mapping in Northeast China. For
example, long-term maize maps at 30 m resolution are available for 2000-2021%8, while rice datasets span
from 1990 to 2022 with spatial resolutions up to 20 m®, In contrast, long-term soybean mapping remains
relatively limited, with available datasets mainly covering 2017-2021 at approximately 10 m resolution*.
In addition, previous studies have examined regional crop distribution and its dynamics. These efforts
have substantially improved the accuracy and temporal continuity of single-crop mapping and provided
important data support for regional agricultural studies.

Despite these advances, several key limitations remain. On the one hand, national-scale datasets lack
sufficient spatial detail and regional adaptability to support fine-scale analyses. On the other hand,
regional studies, although high in spatial resolution, are predominantly focused on single crops.
Differences in classification schemes, mapping criteria, and inherent uncertainties across datasets hinder
their direct integration®'?13, Moreover, the absence of multi-crop datasets developed under a unified
classification framework and consistent spatiotemporal resolution limits systematic analysis of cropping
structure and rotation patterns. As a result, comprehensive assessments of long-term agricultural system
dynamics— particularly in response to policy interventions, water resource constraints, and market
changes—remain insufficient. There is therefore a clear need for a harmonized, long-term, multi-crop
dataset to support integrated regional analyses.

This study aims to develop a high-resolution dataset to characterize the co-distribution of maize,
soybean, and rice in Northeast China over the past four decades (1985-2024). To achieve this, we first
integrated multiple existing crop products to derive reliable training samples, and then combined them



with long-term Landsat observations from Landsat-4/5/7/8/9. Vegetation indices were used as input
features, and a random forest (RF) algorithm was applied for monthly classification and probability
estimation. Compared with existing multi-crop mapping efforts, the main contribution of this dataset lies
in its extended temporal coverage and cross-period consistency, providing a robust data foundation for
analyzing long-term changes in cropping systems.

Methods

The overall technical workflow of this study is illustrated in Fig. 1. First, time-series Landsat images
were preprocessed through radiometric calibration, cloud masking, and monthly composite generation.
Subsequently, multiple band information and spectral indices were extracted and calculated for crop
mapping. Second, existing crop classification products were integrated, and random sampling was
performed. Non-crop samples were supplemented from land cover products, and a sample migration
method based on the SAM method was applied to construct a multi-source sample database. Finally,
multiple independent RF models were trained using these samples, with each model generating a crop
distribution probability map. These probability maps were temporally fused by averaging monthly
category probabilities through pixel-wise accumulation. The final crop classification for each pixel was
determined based on the maximum average probability, resulting in the ultimate crop distribution map.
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Figure 1. Workflow of this study.



Study area

The study area is located in Northeast China, extending from approximately 38°N, 118°E to 54°N,
136°E. It primarily includes Heilongjiang Province (HLJ), Jilin Province (JL), and Liaoning Province
(LN) (Fig. 2), covering a total area of about 787,000 km2. This region represents approximately 8% of
China’s total land area*®.The cropland area in this region covers 26,400 square kilometers, accounting
for approximately 16 percent of China's total cropland. The Northeast Region is renowned as one of the
three world’s famous “Black Soil Regions”. The main crops grown in this area currently are maize,
soybean, and rice'®. The combined planting area of these three crops exceeds 90% of the total cropland
area®. The region is known in China as the “Golden Maize Belt” and the “Hometown of Soybean”. It
experiences a temperate monsoon climate with four distinct seasons. Winters are typically long and cold,
while summers are short and warm. Annual precipitation ranges from 500 mm to 800 mm, with the
majority occurring during the summer months. Due to these climatic characteristics, a single-cropping
system is generally practiced throughout the region?®.
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Figure 2. Map of the study area.

Landsat data and preprocessing

This study employs data from the Landsat program for large-scale crop mapping. The Landsat
program is a long-term Earth observation initiative that has been in continuous operation since 1972. It
consists of a series of remote sensing satellites jointly managed by the United States Geological Survey
(USGS) and the National Aeronautics and Space Administration (NASA)Y’. Since the launch of Landsat-



4, which increased the spatial resolution to 30 m, the program has provided a consistent and comparable
medium-resolution remote sensing dataset spanning more than four decades. This long-term archive has
become a fundamental resource for monitoring global environmental change and supporting studies on
land surface processes. In this study, we use the surface reflectance products from Landsat-4/5/7/8/9. All
datasets have a spatial resolution of 30 m and a revisit cycle of 16 days. Fig. 3 illustrates the effective
pixel observation frequency during the growing season within the study area. The number of valid
observations has increased markedly since 2000, primarily owing to advances in sensor technology and
satellite availability. These continuous and increasingly dense image sequences provide a robust and
reliable data foundation for crop mapping and long-term agricultural monitoring.
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Figure 3. Observation frequency of Landsat satellites from April to October during the period 1985-
2024.

All Landsat imagery used in this study underwent standardized preprocessing procedures. Cloud
masking was performed following standard QA_PIXEL bit flag definitions. Low-quality pixels, primarily



clouds and cloud shadows, were removed using the Quality Assurance (QA_PIXEL) band associated with
the Landsat surface reflectance products'®. Only clear observations were retained for subsequent analysis.
Considering the phenological characteristics of the three major crops in the study region (rice, maize, and
soybean), we selected Landsat observations acquired between April and October. All available Landsat
observations within each month were composited using a median value composite strategy to reduce
residual cloud contamination and noise. Different crop types exhibit distinct spectral signatures
throughout their growth cycles. To capture these variations, we incorporated a comprehensive set of
classification features, including reflectance values from the red, green, and blue bands, as well as seven
agriculturally relevant spectral indices (Tab. 1). To address missing observations caused by cloud cover
or data gaps, temporal interpolation was applied, followed by Whittaker smoothing to reconstruct
continuous and noise-reduced time-series trajectories. These preprocessing steps ensured the consistency
and reliability of long-term satellite observations for crop classification.

Table 1. Formulas for the spectral indices used in this study.

Indicator Formula References
NDVI NDVI = PNIR — PRed Tucker®
PNIR T PRed
_ PNIR ~ PRed 20
EVI EVI = 2.5 X Huete et al.

PNIR + 6 X Pred — 7.5 X pgjye + 1

LSWI LSWI = PNIR — PSWIRL Xiao et al 2!
PNIR T PswiR1

NDSVI NDSVI = ESWIRL — PRed Zheng et al 22
Pswirt T Pred

NDTI NDTI = Pswir1 — Pswirz Wang et al.2
Pswir1 T Pswirz

p )

GCVI Gevl= "R g Gitelson et al.?
PRed

GWCCI GWCCI = NDVI X pswir1 Chen et al.?®

*NDVI: Normalized Difference Vegetation Index; EVI: Enhanced Vegetation Index; LSWI: Land Surface Water Index;
NDSVI: Normalized Difference Senescence Vegetation Index; NDTI: Normalized Difference Tillage Index; GCVI:
Green Chlorophyll Vegetation Index; GWCCI: Greenness and Moisture Content Composite Index.

Training and validation data

The cropland masks generated from the high-precision cropland dataset (Tab. 2) were used to
constrain the spatial extent of sample extraction. Crop samples were directly obtained from multiple crop
distribution datasets, whereas samples for the “other land-cover types” category were supplemented using
non-cropland areas identified in land-cover products. This approach ensured that the sample dataset
accurately and rigorously represented the actual land use state across the region.



In this study, a potential crop distribution map was first generated by integrating multiple crop
classification products. This map represents a pixel-level composite that fuses multi-source crop
classification information to produce a more accurate and comprehensive depiction of crop distribution
than any single product alone.

Table 2. List of auxiliary datasets

Spatial Data . . Refere
Name . Data-hosting repository
resolution years nces
China Land Cover 1990- . Yang
30m https://doi.org/10.5281/zenodo.4417810
Dataset (CLCD) 2024 et al.?
China Annual Cropland 1986- Tu et
30m https://doi.org/10.5281/zenodo.7936885
Dataset (CACD) 2023 P J al.?’
. . 2013- https://doi.org/10.6084/m9.figshare.2041142 Fu et
Maize, Rice, Soybean 30m P g g
2021 4.v1 al.b
) ) 2017- https://doi.org/10.6084/m9.figshare.1309044 You et
Maize, Rice, Soybean 10m P g g
2019 2 al.B?
. . 2019- https://code.earthengine.google.com/042b17 Hu et
Maize, Rice, Soybean 10m
2023 018a2ec5983d0520bch3104c82 al.t?
2017- Mei et
Soybean 10m https://doi.org/10.5281/zen0d.10071427
Y 2021 PS-/IEOL0rg g al 1
. 2001- . ) Peng et
M m https: .0rg/10.577 n .084
aize 30 2020 ttps://doi.org/10.57760/sciencedb.08490 al?
Maize 30m 2016- https://doi.org/10.6084/m9.figshare.17091653 Shen et
2020 al.8
. 1990- o . . Zhang
Rice 30m 2020 https://github.com/MKGenesis/PSPR-rice-HLJ ot ald
. 2017- . . Shen et
Rice 20m 2022 https://doi.org/10.57760/sciencedb.06963 AL10
Rice 500m 2000- https://doi.org/10.5281/zenodo.5555721 Han et
2020 al.®

This study adopts a unified approach from the outset to ensure overall consistency of data products. High-
confidence pixels with complete agreement across multiple source products were selected as initial
samples, establishing a set of reliable, consensus-supported sample points. For pixels exhibiting
discrepancies between products, this study avoided arbitrary assignment to a single class. Instead, such
pixels were labeled as “mixed” at the sampling stage and subsequently excluded, preventing erroneous
data from entering the training process. Based on this harmonized sample library, a single set of features
and a uniform classification algorithm were applied to the same input data, fully utilizing the continuous
temporal information available in the remote sensing imagery. This approach ensures every pixel is



classified according to identical standards, data foundations, and algorithmic procedures. This procedure
establishes a robust and quality-controlled foundation for subsequent sample selection and analysis.

After completing the preliminary processing steps, cropland masking was first applied to the
potential crop distribution dataset to delineate the boundaries of cropland. Random sampling was then
conducted within these cropland areas. For each randomly generated candidate point, a buffer zone was
constructed around the point, and the proportion of the target crop type within the buffer was calculated.
A candidate point was retained as a valid crop sample only if the target crop covered at least 80% of the
buffer area. Subsequently, consistency checks were performed on the initially retained samples to remove
points exhibiting classification inconsistencies across data sources %2, From the remaining high-
confidence samples, those labeled as maize, soybean, rice and other crops were extracted and used as
training samples for the four target crop categories. To ensure sufficient category diversity in the training
dataset, we further incorporated non-crop samples by referencing the CLCD dataset?. Using this product,
additional samples representing non-cropland-cover types were added, such as built-up land, grassland,
forest, water bodies, and wetlands. This augmentation helps ensure that the classification results
accurately represent the actual land-use conditions and enhances the robustness and reliability of
subsequent crop mapping.

To construct a time-series sample database covering the entire study period, we employed an
interannual sample migration approach based on the SAM method?®. This technique extends sample
points collected in a limited number of reference years to other years within the study period. The SAM
algorithm is applied to the time series of the smoothed enhanced vegetation index (EVI) extracted based
on Landsat images. The monthly average EV1 values from April to October are selected to represent the
growth dynamics of crops. To reduce noise and ensure time continuity, the Whittaker smoothing method
is used to reconstruct the EVI time series. For each reference sample, the spectral similarity between its
annual EVI curve and each candidate pixel in the target year is quantified using the SAM index. To
enhance the robustness of the transfer process, a dual adaptive buffer strategy is adopted: first, candidate
pixels are identified within a 1-kilometer radius buffer zone. If no suitable match is found, the search
radius is expanded to 3 kilometers. To ensure the reliability of the transferred samples, a similarity

threshold (SAM<0.1) is set. Within the search area, the original category attributes of the successfully

transferred samples are retained, and the SAM value and the used buffer radius are recorded. Those that
do not meet the threshold are eliminated. To control the error propagation during the inter-annual data
transfer process, only the pixel with the smallest SAM value within the search area is selected, and the
remaining candidate pixels are eliminated. This achieves the effective reduction of the risk of
classification error propagation and improves the time stability and reliability of the long-term training
dataset.

To ensure the independence between training and validation samples within each year, the dataset
was randomly split into training (70%) and validation (30%) subsets. The splitting was conducted at the
sample level, and no overlapping samples were used in both training and validation processes for a given
year. However, it should be noted that some samples were extended across multiple years through the



interannual migration strategy, meaning that samples from the same spatial locations may appear in
different years. While this may introduce a degree of temporal dependency, its impact on model evaluation
is limited. This is because spectral characteristics vary substantially across years due to differences in
sensors, atmospheric conditions, and crop phenology, reducing the direct transferability of learned
features. Therefore, although strict spatiotemporal independence cannot be fully guaranteed, the training
and validation datasets remain effectively independent for each yearly classification task.

Random Forest algorithm

Random Forest (RF) is a widely used ensemble learning algorithm that enhances the accuracy and
robustness of classification and regression tasks by aggregating the predictions of multiple decision trees®.
As the number of trees increases, the prediction error of RF converges toward the Bayes optimal error,
and the algorithm exhibits particularly strong performance in additive regression models®’. Owing to its
high predictive accuracy and strong generalization capability, RF has been extensively applied in remote
sensing-based crop classification®?22,

This study employs a crop classification framework that integrates multi-temporal remote sensing
imagery with probability-based decision making. First, using the monthly preprocessed images and the
derived feature bands described earlier, which are designed to suppress noise and preserve stable spectral
characteristics, we constructed the input feature set required for model training®*2°. Second, independent
RF classifiers were developed for each monthly composite image. Each model consisted of 100 decision
trees and was trained using ground sample points. Instead of generating hard classification outputs, the
models produced normalized probability distributions for each crop category at the pixel level, resulting
in a series of monthly probability maps®. This probabilistic output preserves uncertainty information
inherent in the classification process and mitigates error accumulation associated with hard-label
predictions. Finally, probability fusion was performed along the temporal dimension®. The random forest
classifier outputs the probability of each crop type on a pixel scale for each month. To obtain stable
classification results within the year, the predicted probability values for each month of the growing
season are averaged: the probabilities of the seven monthly graphs are averaged pixel by pixel, and then
the final category of each pixel is determined based on the maximum average probability criterion, that
is, the crop type with the highest average probability is selected.

Statistical analysis

This study employed a dual validation strategy to comprehensively assess the accuracy of the crop
classification results. First, internal classification performance was evaluated using standard accuracy
metrics derived from the confusion matrix, including overall accuracy (OA), the Kappa coefficient,
producer’s accuracy (PA), user’s accuracy (UA), and the F1-score (F1). These metrics enable a systematic
assessment of classification reliability across all crop categories. Second, an independent evaluation was
conducted using official agricultural statistics. Specifically, the mapped crop areas were aggregated at
provincial level and results compared with the corresponding planting area official statistics for



Heilongjiang, Jilin, and Liaoning provinces for the period 1998-2023. Linear regression analysis,
including the Pearson correlation coefficient (R2) and the root mean square error (RMSE), was applied to
quantify the degree of consistency between the remote-sensing-derived crop area estimates and the official
statistics, thereby providing an independent measure of the robustness and credibility of the mapping
results.

Data Records

This study provides a series of annual crop distribution maps for the three northeastern provinces of
China from 1985 to 2024 at a spatial resolution of 30 m. All datasets are publicly accessible through
Zenodo®®. The spatial coordinate system of this dataset is ESPG: 4326 (WGS_1984). The values on the
maps of the three crop types are 0, 1, 2 and 3, representing respectively other land (including other crops
and non-cropland), rice, maize and soybean. The spatial extent of the dataset covers the region from 38°N
to 54°N and from 118°E to 136°E, encompassing the full agricultural area of the three provinces.

Technical VValidation
Accu racy assessment

The validation samples were used to assess the accuracy of the crop distribution maps. Overall, the
maps exhibit consistently high accuracy across provincial-level administrative regions. The classification
assessment results indicate that, from 1985 to 2024, the OA for the three northeastern provinces was
consistently above 0.74 (Fig. 4). In Heilongjiang Province, the OA ranged from 0.74 to 0.99. The
maximum value was found in 2019 (0.99), while the lowest values occurred in 1985 and 1987 (0.74). The
average OA, computed across all years, was 0.84. The Kappa coefficient varied between 0.63 and 0.97,
with values below 0.70 typically found before 1990. The highest Kappa value was observed in 2017 (0.97),
whereas the lowest was recorded in 1987 (0.63). The average Kappa coefficient across all years was 0.78.
In Jilin Province, the OA ranged from 0.74 to 0.96, with a mean across all years of 0.81. The highest OA
value occurred in 2017 (0.96). The Kappa coefficient ranged from 0.61 to 0.95 (mean of 0.73), with values
below 0.70 typically found before the year 2000. The highest Kappa value was in 2017 (0.95), while the
lowest was measured in 1987 (0.61). In Liaoning Province, the OA ranged from 0.79 to 0.98 (mean value
0.87). Aside from 1993, which presented the lowest value of 0.79, the accuracy exceeded 0.80 in all
remaining years. A peak accuracy of 0.98 was recorded from 2017 to 2019. The Kappa coefficient ranged
from 0.71 to 0.98 (mean 0.81). Several years before 2000 had values below 0.80. The highest Kappa
coefficient was found in 2017, reaching 0.98, while the lowest value of 0.71 occurred in 1986.
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Figure 4. Overall accuracy (OA) and Kappa coefficient for Heilongjiang, Jilin, and Liaoning Provinces
from 1985 to 2024.

In addition to the OA and Kappa coefficient, more comprehensive and robust evaluation metrics
were introduced to further assess classification performance (Tab. 3). Specifically, Balanced Accuracy
(BA) and Macro-F1 were incorporated. Compared with OA and Kappa, these metrics are less sensitive to
class imbalance and can better reflect the consistency of classification performance across different
categories.

Table 3 presents the BA and Macro-F1 values for Heilongjiang, Jilin, and Liaoning provinces in
representative years. Overall, classification accuracy in all three provinces shows a clear increasing trend
over time, although the magnitude and stability of improvement vary spatially. During the early period
(1985-2000), classification accuracy was relatively low across all provinces. BA in Heilongjiang
increased from 0.70 to 0.82, Jilin from 0.71 to 0.74, and Liaoning from 0.78 to 0.85, with Liaoning
consistently outperforming the other two provinces. BA values were generally below 0.85 during this
period, mainly due to limitations in early Landsat data quality and insufficient sample sizes.

In the middle period (2000-2010), Heilongjiang continued to improve, reaching 0.85, while Jilin and
Liaoning stabilized at approximately 0.77 and 0.82, respectively. Jilin showed relatively slower
improvement, primarily due to the low producer’ s accuracy (PA) for soybean, which typically ranged
from 0.50 to 0.65. In the recent period (after 2015), a substantial improvement was observed in all
provinces. In 2015, BA reached 0.96 in Heilongjiang, 0.94 in Liaoning, and 0.88 in Jilin, with Jilin further
increasing to 0.92 by 2020. Although a slight decline was observed in 2024 (Heilongjiang: 0.82, Jilin:
0.73, Liaoning: 0.86), the values remained significantly higher than those before 2000. This improvement
is closely associated with the enhanced data quality of Landsat 8/9 and the increasing robustness of the
sample migration method.



Table 3. BA of the Three Provinces and Macro F1 in Key Years.

Heilongjiang Jilin Liaoning
Year BA Macro- BA Macro- BA Macro-
F1 F1 F1
1985 0.70 0.71 0.71 0.72 0.78 0.80
1990 0.73 0.74 0.71 0.72 0.84 0.85
1995 0.76 0.76 0.73 0.73 0.81 0.83
2000 0.82 0.82 0.74 0.75 0.85 0.86
2005 0.82 0.83 0.77 0.78 0.84 0.85
2010 0.85 0.85 0.77 0.79 0.82 0.83
2015 0.96 0.96 0.88 0.88 0.94 0.94
2020 0.94 0.93 0.92 0.93 0.92 0.92
2024 0.82 0.83 0.73 0.75 0.86 0.86

Assessment of crop-specific classification metrics revealed clear spatial differences among provinces,
with classification performance varying across regions and crop types, as illustrated in Fig. 5. For rice,
the producer accuracy (PA), user accuracy (UA), and F1-score (F1) in the three northeastern provinces
consistently remained above 0.70 after the year 2000. Prior to 2000, however, the classification accuracy
for rice declined noticeably. Heilongjiang Province exhibited comparatively weaker performance during
this early period, whereas Liaoning Province showed markedly stronger results. In Heilongjiang Province,
the minimum PA for rice reached 0.39, while UA values remained above 0.65, and the lowest F1 was
0.51. The mean PA, UA, and F1 across the full study period were 0.68, 0.86, and 0.76, respectively. In
Jilin Province, PA remained above 0.60 in all years except 1991, when it reached 0.58; UA consistently
exceeded 0.74, and the F1 was never lower than 0.66. The average PA, UA, and F1 values were 0.77,
0.87, and 0.82, respectively. Liaoning Province demonstrated the most stable and robust performance,
with PA values consistently above 0.75, UA values no less than 0.70, and F1 always above 0.79. The
corresponding mean values reached 0.85 for PA, 0.88 for UA, and 0.87 for F1.

For maize, the classification performance showed notable provincial differences. Heilongjiang
Province exhibited comparatively strong accuracy, whereas Liaoning Province performed less favorably.
In Heilongjiang Province, the mean producer accuracy PA, UA, and F1 reached 0.88, 0.81, and 0.84,
respectively. In contrast, Liaoning Province showed lower user reliability, with corresponding mean
values of 0.69 for PA, 0.86 for UA, and 0.76 for F1. Jilin Province demonstrated relatively balanced
performance across metrics, with mean PA, UA, and F1 of 0.83, 0.81, and 0.82, respectively.

For soybean, Jilin Province showed comparatively weaker performance, whereas Liaoning Province
achieved the highest accuracy among the three provinces. In Jilin Province, the mean producer accuracy
(PA), user accuracy (UA), and F1 were 0.61, 0.80, and 0.69, respectively. In contrast, Liaoning Province



attained substantially higher values, with mean PA, UA, and F1 of 0.92, 0.93, and 0.92. Heilongjiang
Province demonstrated intermediate performance, with all three metrics averaging 0.82, indicating stable
accuracy levels that fell between those of Jilin and Liaoning.

Figure 5. Producer accuracy (PA), user accuracy (UA), and F1-score for rice, maize, and soybean in
Heilongjiang (HLJ), Jilin (JL), and Liaoning (LN) from 1985 to 2024.

Based on the statistical analysis of the accuracy at different stages, a further analysis from the
perspective of time evolution reveals that the classification accuracy of the three provinces all showed a
significant and consistent trend of improvement in stages. Among them, the improvement was most
obvious from 1985-1994 to 2005-2014, and it stabilized thereafter in 2015.

In the earliest period (1985-1994), OA remains relatively low but stable across provinces
(approximately 0.76-0.83), indicating a baseline level of classification capability despite limited data
conditions. This stage is characterized by relatively larger discrepancies between producer accuracy (PA)
and user accuracy (UA), suggesting that omission errors dominate. Such a pattern implies that the model
tends to miss certain crop types rather than incorrectly labeling them, reflecting limited feature
separability under sparse and noisy observations.

During the transition period (1995-2004), classification performance shows moderate improvement,



although gains remain constrained. This stage represents a gradual enhancement in data availability and
quality, but temporal observations are still insufficient to fully capture crop phenological dynamics,
resulting in only incremental accuracy increases.

A substantial improvement is observed in the period 2005-2014, when overall accuracy increases
markedly across all provinces. This improvement coincides with enhanced data continuity, reduced cloud
contamination effects due to increased image availability, and more stable spectral representations from
satellite sensors. As a result, both omission and commission errors are reduced, leading to more balanced
UA and PA values.

In the most recent period (2015-2024), classification accuracy reaches a consistently high level (the
OA is between 0.87 and 0.92) and stabilizes across years. The gap between UA and PA is significantly
reduced, indicating a well-balanced error structure and improved reliability of crop identification.

The observed temporal pattern suggests that accuracy improvements are systematic rather than
driven by isolated high-quality years, providing strong evidence for the temporal consistency of the
dataset. Importantly, the lower accuracy in the pre-2000 period can be attributed to several well-
understood sources of uncertainty. First, early Landsat observations are limited by low temporal frequency,
frequent cloud contamination, and data gaps, which reduce the availability of valid observations during
key crop growth stages and weaken phenological signal extraction. Second, differences in sensor
characteristics introduce spectral inconsistencies that affect model generalization across time. Third, the
sample migration strategy, which transfers training samples from data-rich recent years to earlier periods
using similarity constraints, may introduce additional uncertainty due to differences in historical cropping
systems and environmental conditions. Although low-confidence samples are filtered to reduce noise, this
process inherently leads to conservative predictions, which is consistent with the observed dominance of
omission errors (lower PA) in early periods. Furthermore, the lack of ground reference data in earlier
decades limits the representativeness of training samples, further amplifying uncertainty. Despite these
limitations, the gradual and consistent improvement in accuracy over time, together with the absence of
abnormal fluctuations, indicates that uncertainties in early periods are systematic and bounded rather than
random or biased.

To further assess the reliability of the crop distribution maps, prefecture-level statistical records from
1998 to 2023 were incorporated for independent validation of the study area (Fig. 6). The mapped crop
areas for the three northeastern provinces were compared with the official statistics reported by each
prefecture in each year. The results demonstrated that the dataset exhibited strong overall agreement with
the statistical records. Fig. 6 presented scatter plots at five-year intervals from 2000 to 2023 to illustrate
the temporal consistency of this relationship. For rice, the R? across the three provinces ranged from 0.80
to 0.99, and the corresponding RMSE ranged from 3.08x10% to 9.34x10* hectares. For maize, R? values



remained above 0.82, spanning from 0.82 to 0.96, with RMSE values ranging from 7.40x10% to 33.04x10*
hectares. For soybean, R? values exceeded 0.76, with a maximum of 0.96, and RMSE values ranged from
9.70x10* to 33.77x10* hectares. Despite the overall strong correspondence, soybean area estimates for
Baicheng and Songyuan showed comparatively larger deviations. According to statistics, the area of
soybean accounted for less than 1% of the total crop planting area in these two prefectures. In contrast,
the cropland areas of maize, rice, oilseed crops, sunflowers, and vegetables were all larger than that of
soybean. We hypothesized that some instances of peanuts, sunflowers, and vegetables may have been
misclassified as soybean, which could lead to overestimation of the actual soybean planted area.
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Figure 6. Comparison between mapped crop distribution and official statistical records of crop planting
areas across the study region from 2000 to 2023.

Comparison with other studies

This study systematically compared the newly generated dataset with existing crop-mapping
products (Tab. 2). The comparison period for maize spanned 2000-2021, for rice 2013-2022, and for
soybean 2013-2021 (Fig. 7). The estimated areas of the three major grain crops (rice, maize, and soybean)
in Northeast China, as derived from the crop mapping product developed in this study, demonstrate a
temporal trend that is largely consistent with official statistical data. Furthermore, the results align well
with the overall trends reported in existing mainstream crop products (Fig. 7). For rice and soybean in
particular, our map not only captures interannual fluctuations that remain strongly synchronized with
statistical data, but in multiple years produces area estimates that are closer to the statistical reference
values compared to existing products. These results provide preliminary evidence supporting the



effectiveness and potential advantages of the proposed approach in characterizing the temporal dynamics
of these two crops. In contrast, the maize area estimates in our map exhibit a systematic overestimation,
this situation may be attributable to several factors.

First, limitations in data continuity and model generalization played a key role. The earlier period
(2001-2011) relied primarily on Landsat-5 (TM) and the malfunctioning Landsat-7 (ETM+) sensors®’,
which introduced greater noise and potential calibration inconsistencies compared to the superior
radiometric quality and stability of Landsat-8 (OLI) used from 2013 onward3®2°. Furthermore, our training
samples, though temporally comprehensive, may inherently better represent the crop phenotypes,
management practices, and land cover contexts of the more recent years in which they were collected,
leading to a gradual decline in model generalization accuracy when applied to earlier years.

Second, maize inherently presents greater fundamental mapping challenges throughout the study
period, as documented in the literature®°. The structurally complex production systems in Northeast China,
particularly those involving wheat-maize rotations or maize-soybean intercropping, increase the
prevalence of mixed pixels and spectral ambiguity, thereby elevating classification uncertainty*42,
Furthermore, the optical feature set employed here has a limited capacity to spectrally separate maize
from other summer green vegetation, including certain forests and tall crops like sorghum?. Together,
these factors contribute to the observed overestimation of maize area.

Figure 7. Comparison of the mapped areas of rice, maize, and soybean in the three northeastern
provinces with existing crop products and official statistical records.

Discussion

This study primarily relies on the Landsat satellite series for crop mapping; however, the data quality
exhibits clear temporal heterogeneity®. Due to limitations in early satellite observation conditions and the
influence of cloud cover, the availability of high-quality imagery decreases progressively backward in
time, a pattern that is particularly evident during the 1980s and 1990s. Previous studies have shown that,
although Landsat TM data have been widely used for crop classification and mapping owing to their
relatively high spatial resolution (30 m), their low revisit frequency and limited data availability constrain
their application in operational crop monitoring systems. Consequently, such data are often restricted to



local-scale classification and are less capable of supporting long-term time series analyses**4. These
limitations affect the feature extraction capacity of classification models, resulting in a gradual decline in
classification accuracy for earlier years. This issue has been widely recognized as a common challenge in
long-term remote sensing-based analyses. Furthermore, as this study integrated long-term Landsat data
from multiple satellite missions (Landsat 4/5/7/8/9), it adopted surface reflectance data to enhance the
consistency of radiation measurements. Although previous studies have shown that under such conditions,
long-term crop mapping can still maintain stable performance through the adoption of technical strategies
such as standardized preprocessing, due to the differences in spectral response functions and sensor
characteristics, residual differences may still exist between different sensors®. These inconsistencies may
introduce additional uncertainties to long-term analysis, especially in the early stages where data quality
is relatively low. Future research can further enhance the comparability between different sensors by
applying specialized coordination methods.

In addition, the training samples were derived from the integration of multiple crop products. To
ensure sample reliability, a conservative strategy was adopted whereby only pixels with complete
agreement across different datasets were retained. While this approach improves label confidence, it also
leads to a more spatially concentrated sample distribution, particularly for crops such as soybean, which
may introduce spatial representation bias. This, in turn, could affect the model’s generalization
performance in marginal areas and the robustness of the resulting maps.

Future research can apply specialized coordination methods to further enhance the comparability
across sensors, integrate more satellite data sources (such as SAR data or higher-resolution optical data),
to improve data continuity under cloudy conditions, enhance the representativeness of the samples
through field observations, and develop regional adaptive classification frameworks. These improvements
will further enhance the reliability and transferability of long-term crop mapping work.

Usage Notes

Northeast China plays a critical role in national grain production. In recent decades, continuous
agricultural expansion and notable adjustments in cropping structure across the three northeastern
provinces have posed potential pressures on regional water resource allocation and ecological security.
Based on multi-source remote sensing data, this study constructed a long-term (1985-2024), high
spatiotemporal-resolution (30 m) dataset documenting the distribution of rice, maize, and soybean.

This dataset enables long-term, spatially explicit analyses of cropping dynamics for the three major
grain crops in Northeast China. Researchers can directly apply it to quantify changes in crop-specific
planted area, spatial distribution patterns, and cropping system transitions (e.g., expansion, contraction,
rotation) from 1985 to the present.Specific applications include: assessing the impacts of agricultural
expansion and policy interventions on land use and landscape structure; serving as a critical input for



agro-ecosystem models to estimate crop water footprints or nutrient budgets; and providing a baseline for
validating coarser-resolution land cover products. For the early (1985-2000) classification data, although
affected by factors such as cloud contamination and insufficient time coverage of the Landsat satellite,
the effective observations were limited, the classification accuracy was relatively low, and the uncertainty
was high. However, these data still have significant value in capturing the large-scale spatial patterns and
long-term change trends of crop dynamics. They are particularly suitable for regional-level analyses, such
as identifying the initial distribution patterns of crops, monitoring large-scale expansion or contraction
processes, and supporting trend studies at the ten-year scale under spatial or temporal aggregation. For
robust application, users should note that classification confidence is higher after 2012 due to improved
satellite data quality. Where precise maize acreage is required, particularly when analyzing early years in
regions with complex cropping systems, supplementing the dataset with local reference data for
calibration is recommended.

Code availability

JavaScript code used to generate the crop type maps are available from the Zenodo repository®. If you
have any questions during the usage process, you can contact the author for further explanations and
support.
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