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Abstract. As key components of agricultural management, planting and harvesting schedules have strongly
influenced crop production by defining the length of the crop growing season and shaping the environmental
conditions crops experience. Accurate knowledge of these management data is crucial for enhancing crop yield
estimates by capturing the timing of crop development relative to weather and soil conditions, assessing climate
adaptation by tracking shifts in farming practices over time, and supporting agricultural carbon accounting. Yet,
existing planting and harvesting date datasets are largely based on state-level statistics or rule-based calendars
that overlook intra-regional variability and the influence of human decision-making. The absence of long-term,
high-resolution planting and harvesting date information hinders our ability to reconstruct historical agricultural
practices and assess their agronomic and environmental consequences. In this study, we introduce CropPlan-
tHarvest, the first dataset of annual corn and soybean planting and harvesting dates across the U.S. Midwest
at 500 m resolution from 2001 to 2024. Planting dates are estimated using CropSow, an integrative remotely
sensed crop modeling system that aligns simulated crop growth trajectories with satellite observations to re-
trieve field-level planting dates. Harvesting dates are retrieved using the Normalized Harvest Phenology Index
(NHPI), a novel index that integrates Normalized Difference Vegetation Index (NDVI) and near-infrared (NIR)
reflectance to detect harvesting events by capturing the distinct spectral transition from senescent crops to ex-
posed crop residues. Validation against USDA crop progress reports and field-level dataset demonstrates high
accuracy of CropPlantHarvest, with a mean absolute error of approximately 5 d for both crop species. This large
spatial and temporal dataset captures management-driven variability in crop season timing and duration, sup-
porting improved modeling of crop yields, greenhouse gas emissions, and resource use. It could also serve as
a benchmark for refining remote-sensing phenology products and evaluating the agro-environmental impacts of
evolving crop management decisions. CropPlantHarvest is available at https://doi.org/10.5281/zenodo.16967482
(Liu and Diao, 2025).

1 Introduction

Food security will be increasingly challenged in the com-
ing years due to population growth, shrinking availability
of arable land, shifting consumption patterns, and climate
change (Beddington, 2010). By 2050, global food produc-
tion will need to increase by 60 % to feed an estimated 9.3
billion people. In light of these projected changes, adapting

crop management practices is essential to improve produc-
tion efficiency and meet future food demands (Challinor et
al., 2014). Among all crop management practices, the timing
of planting and harvesting are especially critical, as they de-
fine the start and end of the growing season and determine the
environmental conditions crops experience during develop-
ment (Baum et al., 2020; Liu et al., 2023, 2025). As human-
determined decisions, planting and harvesting dates reflect
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adaptive responses to shifting climate conditions (Kusumas-
tuti et al., 2016; Xu et al., 2019; Huang et al., 2019; Baum
et al., 2020; Shew et al., 2020). Adjusting planting dates can
reduce exposure to temperature extremes and mitigate yield
losses, while harvesting at the optimal time preserves grain
quality and minimizes losses from adverse weather, pests,
and disease (Jain et al., 2016; Liu et al., 2023, 2025). Ac-
curate information on planting and harvesting dates is es-
sential for assessing climate adaptation. Such data also en-
hances crop yield estimation by aligning crop development
stages with observed weather and soil conditions (Bolton and
Friedl, 2013; Zhang and Diao, 2023; Guo et al., 2024; Pei et
al., 2025), and they play a central role in agricultural carbon
accounting by identifying the periods when key exchanges
of carbon, water, and energy occur between the land surface
and atmosphere (Delgrosso et al., 2005; Zhang et al., 2020).
Reliable records of these management decisions are there-
fore indispensable for climate adaptation analysis, crop yield
estimation, and greenhouse gas accounting, ultimately sup-
porting more accurate modeling and sustainable agricultural
management.

In response to this need, several global datasets (e.g.,
SAGE, Sacks et al., 2010, MIRCA2000, Portmann et al.,
2010, RiceAtlas, Laborte et al., 2017, and PSHW, Iizumi
et al., 2019, GCPE, Mori et al., 2023) have been gener-
ated to provide information on crop planting and harvest-
ing. MIRCA2000 and RiceAtlas compile crop-specific plant-
ing and harvesting months at subnational scales by integrat-
ing regional databases, national reports, and expert knowl-
edge. In contrast, SAGE, PSHW, and GCPE apply rule-based
methods that relate long-term climate variables (e.g., temper-
ature, precipitation, and growing degree days) to the likeli-
hood of planting and/or harvesting events, producing global
estimates at a 0.5° resolution. While these datasets have been
widely used to support research and policy efforts in cli-
mate adaptation, crop modeling, and sustainable land use, the
coarse spatial resolutions of these datasets limit their ability
to capture fine-scale spatial heterogeneity in crop manage-
ment practices. Furthermore, they provide rough crop calen-
dars or climate-derived estimates rather than actual manage-
ment dates, which limits their capacity to capture temporal
variability in planting and harvesting activities across diverse
farming systems (Liu et al., 2023). This underscores the need
for long-term, high-resolution datasets on planting and har-
vesting dates to better represent spatiotemporal variability in
agronomic practices and improve modeling accuracy.

To address the data gap, remote sensing has been increas-
ingly employed to estimate planting and harvesting dates
across large spatial and temporal scales by interpreting vege-
tation dynamics captured in Vegetation Index (VI) time series
(Yang et al., 2026; Cao et al., 2024; Diao, 2020; Diao et al.,
2021; Diao and Li, 2022; Gao et al., 2017; Liu et al., 2022a;
Moulin et al., 1997; Sacks and Kucharik, 2011; Schwartz et
al., 2002; Shen et al., 2023; Wu et al., 2017; Zhang et al.,
2003). Several phenology datasets have been produced fol-

lowing this remote sensing-based strategies, where pheno-
metrics derived from VI time series, such as the start of sea-
son (SOS) and end of season (EOS), are applied to approx-
imate planting and harvesting timing (Bolton et al., 2020;
Luo et al., 2020; Nieto et al., 2021; Niu et al., 2022). Yet,
these datasets face important accuracy limitations in captur-
ing planting and harvesting dates, as the phenometrics ex-
tracted typically using the feature points in VI curves do not
consistently align with the actual timing of these field opera-
tions. Planting and harvesting practices are human-managed
decisions that are primarily driven by external factors such as
weather conditions, soil trafficability, and machinery avail-
ability, which can shift their feature positions on the VI curve
(Liu et al., 2023, 2025). Moreover, planting is particularly
challenging to detect directly, as it occurs before vegetation
emerges and thus falls within an off-season flat portion of
the VI curve that provides little signal to indicate the event.
Harvesting presents similar challenges when crops remain
in the field long after maturity, in which case the event ap-
pears on a VI plateau rather than at a distinct turning point, as
over-mature crops exhibit VI values comparable to bare soil.
These limitations reduce the reliability of existing remote
sensing–based datasets for accurately characterizing planting
and harvesting dates (Gao and Zhang, 2021).

In this study, we introduce CropPlantHarvest, the first
crop management practices dataset (i.e., planting and har-
vesting timing) for corn and soybean across the U.S. Mid-
west, mapped annually at 500 m resolution for 2001–2024.
Planting dates are derived using CropSow, an integrative
remotely sensed crop modeling system that assimilates re-
motely sensed VI time series with crop growth trajectories
simulated by the Agricultural Production Systems sIMula-
tor (APSIM) to estimate field-level planting dates (Liu et al.,
2023). Harvesting dates are estimated with the Normalized
Harvest Phenology Index (NHPI), a novel index that inte-
grates Normalized Difference Vegetation Index (NDVI) and
near-infrared (NIR) reflectance to detect the distinct spectral
transition from senescent crops to exposed crop residues that
marks harvesting events (Liu et al., 2025). Validation against
field-level dataset and United States Department of Agricul-
ture (USDA) crop progress reports demonstrates high accu-
racy of CropPlantHarvest, with a mean absolute error of ap-
proximately 5 d for both crop types. As one of the world’s
most productive and intensively managed agricultural re-
gions, the U.S. Midwest plays a pivotal role in global food
supply, contributing roughly one-third of global corn exports
and over one-quarter of global soybean exports (Kucharik
and Ramankutty, 2005). Its vast and heterogeneous land-
scapes, diverse management practices, and high sensitivity to
seasonal timing make it a natural laboratory for studying dy-
namic changes of crop planting and harvesting decisions over
space and time. Understanding these dynamics here is partic-
ularly valuable because management strategies that succeed
in such a diverse, climate-sensitive system can offer transfer-
able insights for other agricultural regions worldwide. More-
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over, the Midwest’s long history of consistent monitoring
through yield statistics, crop progress reports, and environ-
mental records provides a unique opportunity to link detailed
planting and harvesting timings with production trends and
climate adaptation strategies. Previous research at aggregated
scales has shown that corn yield gains over the past half-
century have been partially driven by earlier planting and
longer growing seasons (Butler et al., 2018). By exploring
these trends at fine spatial resolution, our 24 year dataset
could enable more precise analyses of localized manage-
ment adaptations, supporting improved crop models, yield
estimates/forecasts, and agro-environmental assessments.

2 Material and method

2.1 Material

To support the generation and validation of the planting
and harvesting date products in U.S. Midwest, we utilize a
comprehensive suite of datasets, including satellite imagery,
crop type maps, meteorological data, soil property data, and
ground reference observations. The U.S. Midwest states in-
clude Illinois (IL), Indiana (IN), Iowa (IA), Kansas (KS),
Michigan (MI), Minnesota (MN), Missouri (MO), Nebraska
(NE), North Dakota (ND), Ohio (OH), South Dakota (SD),
and Wisconsin (WI) (Fig. 1). Satellite imagery provides the
time series of spectral reflectance needed to detect planting
and harvesting events. Crop type maps identify the locations
of corn and soybean fields. Meteorological and soil datasets
supply environmental inputs for the crop growth model used
in planting date estimation. Ground reference observations
are used both to calibrate the crop growth model used in
planting date estimation and to evaluate the accuracy of the
final planting and harvesting date estimates.

2.1.1 Satellite data

We use the Moderate Resolution Imaging Spectroradiome-
ter (MODIS) MCD43A4 Version 6 product, a daily nadir
Bidirectional Reflectance Distribution Function (BRDF)-
adjusted reflectance dataset with a 500 m spatial resolution,
to detect corn and soybean planting and harvesting dates of
U.S. Midwest from 2001–2024. From this dataset, we derive
two key time series: the NDVI to characterize crop growth
dynamics, and the Normalized Harvest Phenology Index
(NHPI) to capture harvesting progression. The MODIS prod-
uct offers an effective balance of spatial resolution, temporal
frequency, and historical coverage, making it well-suited for
long-term monitoring of planting and harvesting events. Its
daily acquisition enables the detection of subtle reflectance
changes during both early and late crop development phases,
which are critical periods for identifying planting and har-
vesting dates.

2.1.2 Crop type data

We use the USDA Cropland Data Layer (CDL), an annu-
ally updated crop-specific land cover product at 30 m spa-
tial resolution, to extract spectrally pure crop signals from
pure MODIS pixels of our study region (Boryan et al., 2011).
MODIS pixels are classified as “pure” when at least 90 % of
the 30 m sub-pixels within the 500 m MODIS footprint are
assigned to the same crop type. This at least 90 % agree-
ment threshold is selected based on a sensitivity analysis
(Fig. S1 in the Supplement), which shows that the threshold
provides a conservative balance between minimizing mixed-
pixel effects and retaining sufficient spatial coverage with
pure pixels widely distributed for reliable downstream ap-
plications across the Midwest. Under this criterion, spec-
tral mixing from other land covers (e.g., different crops, fal-
low land, or non-agricultural areas) is substantially reduced,
such that the extracted reflectance time series primarily re-
flect the phenological characteristics of a single crop type.
The CDL provides high classification accuracy for both corn
and soybean, with producer’s and user’s accuracies typically
exceeding 90 %. For years or regions without CDL coverage
prior to 2008, we supplement with the Corn–Soy Data Layer
(CSDL), which offers historical corn and soybean classifica-
tions from 2001 onward.

2.1.3 Meteorological data

To support the simulation of crop growth trajectories in the
planting date estimation process, we incorporate daily mete-
orological variables from the Daymet dataset (Thornton et
al., 2020). These variables include minimum temperature,
maximum temperature, precipitation, and shortwave radia-
tion, which are required inputs for the crop growth model.
Daymet provides continuous, gridded records at 1 km spa-
tial resolution across North America from 1980 to present.
For 2024, when Daymet data is not yet available at the
time of our analysis, we substitute equivalent records from
the Parameter-elevation Regressions on Independent Slopes
Model (PRISM) dataset, which offers high-quality, gridded
climate data at 4 km spatial resolution for the contiguous
United States. In addition to driving the crop model simula-
tion, these meteorological variables are also used to examine
the influence of weather conditions on temporal variability in
crop planting and harvesting dates.

2.1.4 Soil data

In addition to meteorological variables, soil properties are
incorporated to provide crop growth modeling inputs that
control water and nutrient availability, root development,
and other processes influencing crop development within
the planting date estimation system. Soil variables, includ-
ing hydraulic properties, pH, and organic matter content,
are obtained from the Gridded Soil Survey Geographic
(gSSURGO) database. gSSURGO is a 30 m resolution raster
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Figure 1. Spatial distribution of corn and soybean planting and harvesting date records from Beck’s dataset (2016–2024) across 12 U.S.
Midwestern states. Yellow points indicate corn fields, and green points indicate soybean fields.

product derived from the vector-based SSURGO database,
developed through extensive field sampling and laboratory
analysis by the National Cooperative Soil Survey. These in-
puts are critical for accurately simulating crop development
from planting through vegetative growth within the system.

2.1.5 Ground truth data

Two sources of ground truth datasets are used for model cali-
bration and/or product validation. The first is the USDA Crop
Progress Reports (CPRs), which provide weekly state-level
cumulative percentages of crops reaching specific phenolog-
ical stages (e.g., planting and harvesting). CPR data are used
to calibrate the crop growth model in the planting date esti-
mation system by aligning simulated planting date distribu-
tions with reported planting progress. CPRs also serve as a
reference for evaluating the temporal consistency of plant-
ing and harvesting date estimates at the state level. The sec-
ond source is Beck’s dataset, which contains field-level plant-
ing and harvesting records provided by Beck’s Hybrids and
is publicly available at https://www.beckshybrids.com/ (last
access: 15 March 2025). To account for the resolution dif-
ference between our 500 m product and Beck’s plot-level
measurements, we select MODIS pixels with each falling
entirely within the boundary of a crop field, filtering out
those spanning multiple fields with PlanetScope imagery ver-
ified through visual interpretation. This yields a total of 187
field records from 2016 to 2024 (Fig. 1), including 151 corn
records and 36 soybean records. These records are used to
validate the accuracy of both planting and harvesting esti-
mates at the field scale.

2.2 Method

For each pure crop pixel, its MODIS NDVI time series
serves as the foundation for estimating planting and har-
vesting dates in corn and soybean fields. Conventional re-
mote sensing–based methods often fail to capture true plant-
ing and harvesting dates. This is because feature points on
VI curves do not consistently correspond to the actual tim-
ing of these field operations. To overcome this limitation,
we use CropSow for planting date estimation and the NHPI
for harvesting date estimation. Specifically, the annual NDVI
curve is divided at its maximum value into two segments.
The pre-peak segment spans from the start of the year to
the timing of maximum NDVI (typically June–July in the
U.S. Midwest). It represents canopy development and sup-
ports planting date detection with the CropSow system. The
post-peak segment extends from maximum NDVI through
the end of the year. It represents canopy senescence and
crop residue exposure and supports harvesting date detection
with the NHPI-based method (Fig. 2). For planting date es-
timation, the CropSow system integrates a remote sensing–
based phenological detection method with the APSIM crop
growth model. The phenological detection method identifies
Greenup, which indicates the onset of active crop growth
near emergence. APSIM simulates the duration from plant-
ing to Greenup by accounting for spatially explicit soil prop-
erties, weather conditions, and crop characteristics within the
soil–crop–atmosphere continuum. The planting date is then
determined by subtracting the simulated planting–Greenup
duration from the satellite-observed Greenup date. As a re-
sult, planting date estimation implicitly incorporates location
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information through the model inputs required by APSIM.
For harvesting date estimation, the Normalized Harvest Phe-
nology Index (NHPI), defined as the ratio of near-infrared
(NIR) reflectance to NDVI, enhances spectral differences be-
tween senescent vegetation and exposed crop residues to sig-
nal harvest. A threshold-based approach is applied to the
NHPI time series to detect the sharp transition that corre-
sponds to harvesting date. This harvesting-date detection re-
lies solely on temporal spectral dynamics and does not re-
quire explicit location-based inputs or ancillary environmen-
tal data. By combining these two event-specific methods
across all target pixels, we generate CropPlantHarvest, a con-
sistent, large-scale dataset of corn and soybean planting and
harvesting dates for the U.S. Midwest. The product is eval-
uated at field and state levels and used to assess long-term
spatiotemporal trends and meteorological drivers.

2.2.1 Planting Date Estimation

With the pre-peak segment of the NDVI curve, the planting
date is estimated using the CropSow system, which consists
of three main components: time series pre-processing, phe-
nological characterization, and estimation of the planting-to-
Greenup duration (Liu et al., 2023). The first pre-processing
step involves outlier removal, gap interpolation, off-season
peak removal, and curve fitting. Outlier removal is performed
sequentially using a quality assurance (QA) filter, a spline fil-
ter, a median absolute deviation (MAD) filter, and a snow fil-
ter. These filters eliminate implausible observations caused
by snow cover, clouds, haze, or low illumination. The QA
filter removes the observations flagged as poor quality in the
satellite product, including those affected by cloud contam-
ination and cloud shadows. As an additional quality-control
measure, observations with NDVI values below zero are ex-
cluded because agricultural fields are generally expected to
exhibit non-negative NDVI values under crop canopy, bare-
soil, and crop-residue conditions. Negative NDVI values are
therefore more likely to indicate contamination from wa-
ter, snow, cloud shadows, or other anomalous surface con-
ditions. After the initial quality screening, a spline filter is
applied to smooth the NDVI curve and remove observations
with residuals exceeding the mean plus/minus three standard
deviations (Migliavacca et al., 2011). The MAD filter tar-
gets the removal of sharp spikes by applying the median ab-
solute deviation criterion (Papale et al., 2006). Finally, the
snow filter excludes observations with a Normalized Dif-
ference Snow Index (NDSI) above − 0.2, removing snow-
contaminated data that may not be fully identified by the
previous steps. While NDSI values exceeding 0.4 are gen-
erally considered indicative of snow cover, we adopt a more
conservative threshold of −0.2 to minimize the risk of re-
taining snow-contaminated pixels in the time series (Liu et
al., 2025). The filtered observations are then gap-filled us-
ing linear interpolation. Beyond outliers, the NDVI time se-
ries may contain off-season growth cycles unrelated to the

target crop, typically resulting from weeds, cover crops, or
double cropping. Such cycles can distort the characterization
of phenological metrics for the target crop. To address this,
a seasonality filter is applied to remove the off-season crop
growth cycle (Diao, 2020). This filter employs a smooth-
ing spline algorithm that fits a piecewise polynomial curve
to the data, preserving the main seasonal growth trajectory
while suppressing short-term fluctuations. Growth cycles are
then delineated by turning points (i.e., peaks and troughs)
in the smoothed curve, and each cycle is evaluated to de-
termine whether it represents the main crop growth cycle.
The evaluation considers both the NDVI magnitude of each
peak and its timing relative to crop calendars from CPRs.
This ensures consistency with the expected growth period of
the target crop. The peak NDVI of the target crop cycle is
required to occur between three weeks before the start of the
corn silking stage (or the soybean flowering stage) and the
start of the maturity stage reported in CPRs. Any cycles with
localized peaks outside this temporal window are classified
as off-season noise, and the segments between their preced-
ing and subsequent troughs are removed.

Following time series pre-processing, Beck’s double lo-
gistic method is applied to fit the pre-processed pre-peak
segment to ensure a consistent representation of crop pheno-
logical dynamics (Beck et al., 2006). Compared to other fit-
ting methods such as asymmetric Gaussian, Savitzky–Golay,
quadratic, and nonlinear spherical methods, the double lo-
gistic approach can better characterize vegetation with rapid
phenological transitions and relatively short growing seasons
without overestimating season length. The Beck’s double lo-
gistic function (Eq. 1) includes six parameters: Vbase (off-
season NDVI), Vmax (maximum NDVI), m2 and n2 (tim-
ing of inflection points for green-up and senescence, respec-
tively), and m1 and n1 (rates of change at those inflection
points). These parameters are estimated by minimizing the
root mean square error (RMSE) between the fitted curve f (t)
and the pre-processed NDVI time series. While only pre-
peak observations are used for fitting at this stage, the full
double logistic formulation is retained to preserve the func-
tional continuity and physiological realism of the phenolog-
ical profile. This approach primarily constrains parameters
associated with the green-up phase (i.e., Vbase, Vmax, m1 and
m2), while senescence-related parameters (i.e., n1 and n2) re-
main weakly constrained. The curvature-based phenometric
extraction method is then applied to the fitted curve to char-
acterize the Greenup phenometric, defined as the first local
maximum in the curvature change rate (Beck et al., 2006).

f (t)= Vbase+ (Vmax−Vbase) ·(
1

1+ e(−m1·(t−m2)) +
1

1+ e(−n1·(t−n2)) − 1
)

(1)

Lastly, the Agricultural Production Systems sIMulator (AP-
SIM) is used to estimate the interval between planting and
the remotely sensed Greenup phenometric, which informs
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Figure 2. Workflow for estimating planting and harvesting dates from MODIS NDVI time series of pure crop pixels. The left branch shows
the CropSow system for planting date estimation, while the right branch shows the NHPI-based method for harvesting date estimation.

planting date retrieval. APSIM simulates crop phenologi-
cal development by accounting for plant dynamic interac-
tions within the soil–crop–atmosphere continuum. Specifi-
cally, the crop undergoes germination and emergence after
planting, eventually reaching the remotely sensed Greenup
stage, which roughly corresponds to the V3 stage (three col-
lared leaves) in corn or the V3 stage (third trifoliate) in soy-
bean. In APSIM, germination is triggered by soil moisture
conditions, while subsequent phenological development is
driven by the accumulation of thermal time, expressed as

daily degree days. The rate of thermal time accumulation
is driven by temperature exposure and regulated by water
and nitrogen stresses simulated by the SoilWater and Soil-
Nitrogen modules, respectively. The total thermal time re-
quirement from emergence to the remotely sensed Greenup
stage is denoted as tt_emerg_to_Greenup. Given a specific
tt_emerg_to_Greenup, the planting date is inferred by iter-
atively adjusting the planting date until APSIM-estimated
Greenup aligned with observed Greenup phenometric. Phys-
iologically, tt_emerg_to_Greenup is primarily determined
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by the number of leaves attained at Greenup and the ther-
mal time required for the development of an individual leaf
(i.e., phyllochron). Given that leaf number targets are rela-
tively consistent (i.e., three-leaf stage) and that crop phyl-
lochron is broadly comparable across cultivars and primar-
ily regulated by environmental conditions, particularly tem-
perature and irradiance (Birch et al., 1998; dos Santos et
al., 2022), tt_emerg_to_Greenup is calibrated at the state–
year level to represent environmentally driven variability in
phyllochron. The parameter tt_emerg_to_Greenup is specif-
ically calibrated annually using state-level CPRs and 1000
randomly sampled pure MODIS pixels, by minimizing the
RMSE between APSIM-simulated and CPR-reported plant-
ing date distributions. All APSIM input variables (e.g., fer-
tilizer and planting density) follow settings established in
previous planting date estimation study (Liu et al., 2023).
Once calibrated, APSIM is run for each target crop pixel with
varying planting dates and localized soil and weather inputs.
Sub-state variability in soils and microclimate is represented
through pixel-specific soil properties and daily weather in-
puts, which govern the effective rate of thermal time accu-
mulation and phenological progression. The planting date
that yields a simulated Greenup consistent with the observed
Greenup phenometric is assigned as the estimated planting
date for that field.

2.2.2 Harvesting Date Estimation

With the post-peak segment of the NDVI curve, harvesting
dates are estimated using the NHPI-based method, which
comprises three components: time series pre-processing, har-
vest phenology index generation, and harvest signal extrac-
tion (Liu et al., 2025). Time series pre-processing involves
outlier removal, gap interpolation, preparation of the near-
infrared (NIR) time series, and determination of the harvest-
ing window. Outlier removal follows the same procedure ap-
plied in the pre-peak preprocessing, while gaps are filled
through linear interpolation. In parallel, the NIR time series
is processed by removing low-quality observations flagged
during outlier detection and filling the resulting gaps with
linear interpolation. This ensures consistency with the NDVI
time series. The harvesting window is defined as the pe-
riod starting from the middle of senescence (MOS), which
is the date when NDVI declines to 50 % of its senescence-
phase amplitude (the difference between peak and mini-
mum NDVI), and extending two months thereafter. This
window isolates harvest-related changes, minimizes noise
from other phenological phases, and improves the accuracy
and efficiency of following harvesting date detection. This
two-month window reflects the typical temporal separation
between MOS and harvest observed in field-level datasets
across the U.S. Midwest and is sufficiently flexible to cap-
ture interannual variability in harvest timing. The window
length can be flexibly adjusted in regions with shorter or

longer post-maturity field residence to accommodate differ-
ent harvesting behaviors.

The second component focuses on generating the Normal-
ized Harvest Phenology Index (NHPI), which is designed
for capturing harvesting event signals. With pre-processed
NDVI and NIR time series, the Harvest Phenology Index
(HPI) is first calculated as the ratio of NIR to NDVI (Eq. 2).
The NHPI is then obtained by normalizing the HPI within
the harvesting window to a 0–1 scale using its local mini-
mum and maximum values (Eq. 3). This normalization can
enhance comparability across fields with varying environ-
mental conditions.

HPI(t)=
NIR(t)

NDVI(t)
(2)

NHPI(t)=
HPI(t)−HPImin(tstart, tend)

HPImax(tstart, tend)−HPImin(tstart, tend)
(3)

where HPImin(tstart, tend) and HPImax(tstart, tend) represent the
minimum and maximum HPI values observed during the har-
vesting window [tstart, tend], respectively. Here, tstart is de-
fined as MOS, and tend is two months after MOS.

In the final component, a threshold-based method is ap-
plied to extract the harvest signal from the NHPI time se-
ries. The harvesting date is identified as the first date when
the NHPI exceeds the threshold 0.6. This threshold is deter-
mined through calibration using field-level ground truth data
of our study region, where it yields the lowest error for both
corn and soybean (Fig. S2 in the Supplement). By amplify-
ing the spectral contrast between senescent vegetation and
crop residues, the NHPI-based method effectively character-
izes harvesting transitions and enables robust, spatially and
temporally generalizable detection of harvesting dates with-
out the need for further calibration.

2.2.3 CropPlantHarvest Dataset Validation

We evaluate the final product at both the field and state levels.
At the field level, planting and harvesting dates are validated
against ground-truth data from Beck’s dataset, which cov-
ers the U.S. Midwest from 2016 to 2024. To account for the
spatial resolution difference between our 500 m product and
Beck’s field-level records, we select MODIS pixels with each
falling entirely within the boundary of a crop field, filtering
out those spanning multiple fields with PlanetScope imagery
verified through visual interpretation. We quantify accuracy
using Mean Absolute Error (MAE) and the coefficient of de-
termination (R2) (Eqs. 4 and 5), based on comparisons be-
tween estimated and observed planting or harvesting dates
for corn and soybean.
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MAE=
1
n

∑n

i=1
|yi − ŷi | (4)

R2
= 1−

∑n
i=1(yi − ŷi)2∑n
i=1(yi − y)2 (5)

where yi is the observed planting or harvesting date of the
sample i, y is the mean of all the observed planting or har-
vesting dates, and ŷi is the estimated planting or harvest-
ing date of the sample i. n denotes the number of samples.∑n
i=1(yi − ŷi)2 is the sum of squared errors, and

∑n
i=1(yi −

y)2 is total sum of squares.
At the state level, we assess the planting and harvest-

ing date products separately by comparing their aggregated
temporal distributions with state-level statistics from USDA
CPRs. For both planting and harvesting, the estimated dates
of all corn or soybean pixels within each state and year are
aggregated to generate corresponding cumulative distribu-
tions, formatted to match the structure of CPR data. To eval-
uate consistency, we sample each cumulative curve at 5 %
intervals between the 20th and 80th percentiles and compute
the MAE andR2 to quantify agreement between the satellite-
based estimates and CPR-reported values.

2.2.4 Trend and Meteorological Driver Analysis

To investigate long-term patterns in human-determined
planting and harvesting dates, we conduct two comple-
mentary analyses: (1) a spatiotemporal trend analysis and
(2) a meteorological driver analysis. For the spatiotemporal
trends, county-level mean planting and harvesting dates are
derived annually from the CropPlantHarvest product. Spa-
tial patterns are examined by relating county-level values to
latitude of the corresponding county centroids, given that lat-
itude is a key determinant of temperature, which in turn in-
fluences agricultural management decisions. Temporal trends
are estimated by fitting ordinary least squares (OLS) re-
gressions of planting or harvesting dates against year at the
county level. Temporal trends in growing season length are
further assessed by calculating the difference between har-
vesting and planting dates and estimating its change over
time using the same OLS. Growing season length provides
an integrative indicator of how crop management practices
and climatic conditions jointly influence the duration of the
cropping cycle. The resulting slopes, expressed in days per
decade, are summarized at the state level to highlight regional
patterns.

For the meteorological driver analysis, we evaluate the in-
fluence of climate conditions on spatiotemporal changes in
planting and harvesting dates. County-level meteorological
variables, including average of daily minimum temperature
and maximum temperature, and total precipitation, are cal-
culated from Daymet data for the early season (i.e., January–
May) and harvesting season (i.e., August–October). These
variables are selected because temperature and precipitation

are the primary climate factors regulating planting and har-
vesting decisions. Minimum and maximum temperatures in-
fluence soil warming and crop development rates, which de-
termine suitable windows for planting and harvesting, while
precipitation affects soil trafficability and field accessibility
for machinery operations. We apply county- and year-fixed
effects panel regressions to isolate the effects of these vari-
ables, with county-fixed effects controlling for time-invariant
county characteristics and year-fixed effects accounting for
growing conditions common to all counties in a given year.
The panel regression model is specified as follows:

Yit = β0Tmin,it +β1Tmax,it +β2Pit +αi +βt + εit (6)

where Yit denotes the planting or harvesting date for county
i in year t . β0, β1, and β2 capture the effects of average
daily minimum temperature (Tmin,it ), maximum temperature
(Tmax,it ), and total precipitation (Pit ) during the planting or
harvesting season for county i in year t , respectively. αi rep-
resents county-specific fixed effects. βt denotes year-specific
fixed effects. εit is the error term. We conduct separate re-
gressions for corn and soybean, as well as for planting and
harvesting timing, with variables expressed in both standard-
ized and unstandardized forms to allow comparison of effect
sizes.

3 Results

3.1 Dataset Validation

3.1.1 Field-level Validation

At the field level, CropPlantHarvest shows a strong agree-
ment with reference planting and harvesting dates, demon-
strating its accuracy in capturing the timing of crop manage-
ment practices. For planting dates, the evaluation yields an
R2 of 0.46 and a MAE of 6.40 d across 151 corn fields, and
an R2 of 0.51 with a MAE of 6.31 d across 36 soybean fields
(Fig. 3a). Most predictions fall within ±10 d of observed
planting dates, indicating reliable detection of planting tim-
ing. For harvesting dates, the results show greater alignment
with reference data compared to planting dates, with an R2

of 0.749 and a MAE of 6.43 d for corn (N = 151), and an
R2 of 0.517 with a MAE of 5.39 d for soybean (N = 36)
(Fig. 3b). This is likely attributable to more distinct spec-
tral transitions at harvesting compared to planting, as well as
differences in the detection systems used for the two events.
Despite efforts to select MODIS pixels fully contained within
individual fields, some of the observed variations may be at-
tributable to spatial mismatches between field-level observa-
tions and the 500 m resolution of the MODIS input data, as
well as potential geolocation uncertainties.

3.1.2 State-level Validation

Using 2024 as an example, the temporal cumulative distri-
butions of the estimated planting and harvesting dates are
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Figure 3. Field-level validation of estimated planting dates (a) and harvesting dates (b) for corn and soybean in the U.S. Midwest from 2016
to 2024. The solid line represents the 1 : 1 relationship between estimated and observed dates, and the dashed lines indicate ±10 d difference
between estimated and observed ones.

compared with those derived from CPR data for corn and
soybean across 12 states in the U.S. Midwest (Fig. 4). The
comparison shows strong consistency, indicating that Crop-
PlantHarvest effectively reproduces the temporal progression
of planting and harvesting for both crops and across all states.
The MAEs between the estimated and reported cumulative
curves are consistently within one week. For corn, planting
date MAEs are less than 4 d in 8 states, and harvesting date
MAEs are less than 4 d in 10 states. For soybean, planting
date MAEs are below 4 d in 9 states, and harvesting date
MAEs are below 4 d in 10 states. Spatial variations in the
cumulative distributions across states reflect heterogeneity in
planting and harvesting schedules, which are shaped by dif-
ferences in environmental and climatic conditions, as well
as management practices. Additionally, the temporal gap be-
tween the planting and harvesting curves exhibits substan-
tial differences across states, reflecting differences in cultivar
selection (e.g., maturity length), shaped by local agronomic
practices and climate.

Across all states and years, the estimated planting dates
show strong agreement with CPR statistics, with an R2 of
0.83 and MAE of 4.30 d for corn, and an R2 of 0.86 and
MAE of 3.76 d for soybean (Fig. 5a). Estimated harvesting

dates also align well with CPR data, achieving an R2 of 0.90
and MAE of 4.50 d for corn, and an R2 of 0.84 and MAE of
3.97 d for soybean (Fig. 5b). These results show improved
accuracy over previous state-level planting and harvesting
date estimates from remotely sensed phenology characteri-
zation studies using SOS and EOS phenometrics (Yang et
al., 2020; Shen et al., 2022), which report MAEs exceeding
one week. The improvement is likely due to the tailored de-
sign of the proposed systems to specifically capture human-
managed planting and harvesting activities. For planting, the
CropSow system detects the emergence of a visible signal in
the VI curve and estimates the time lag between planting and
that detected signal, overcoming the limitation that planting
typically occurs during the flat portion of the VI curve. For
harvesting, the NHPI-based system identifies spectral fea-
ture points that exhibit stronger and more consistent corre-
spondence with actual harvesting dates than those obtained
directly from VI time series, addressing the inconsistent re-
lationships between VI-based metrics and harvesting activ-
ity. Overall, the field-level and state-level evaluations confirm
the reliability of the CropPlantHarvest product in capturing
planting and harvesting dynamics for both corn and soybean
across spatial and temporal scales.
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Figure 4. Temporal cumulative distributions of estimated planting and harvesting dates compared with corresponding state-level CPR data
for corn (a) and soybean (b) in 2024.

3.2 Spatial-temporal Trends Analysis

The averaged planting and harvesting date maps from 2001
to 2024 reveal distinct spatial patterns for both corn and soy-
bean fields across the U.S. Midwest (Fig. 6). Corn plant-
ing generally begins earlier in southern regions and pro-
gressively later at higher latitudes, reflecting temperature-
related constraints that influence planting decisions. Soybean

planting dates show greater uniformity, likely due to stag-
gered planting relative to corn and weaker temperature de-
pendence. Corn harvesting follows a similar north–south gra-
dient, occurring earlier in southern areas and later in north-
ern regions, largely shaped by its planting pattern. In con-
trast, soybean harvesting exhibits weaker latitudinal patterns.
Interannual variability patterns (Fig. S3 in the Supplement)
further differ between crops, with corn exhibiting greater
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Figure 5. State-level validation of estimated planting dates (a) and harvesting dates (b) for corn and soybean in the U.S. Midwest from
2001 to 2024. For each state–year, validation points are sampled from the estimated cumulative distribution percentiles (20 %–80 %) at 5 %
intervals and compared with corresponding CPR data, yielding one point per sampled percentile for each state–year–crop combination.

variability in harvesting dates than in planting dates, while
soybean shows more comparable variability between plant-
ing and harvesting. These high-resolution maps also capture
substantial within-state variation not reflected in state-level
CPRs. For instance, northern Illinois consistently shows later
corn harvests than southern Illinois despite similar planting
windows. Such fine-scale detail underscores the value of this
CropPlantHarvest product for understanding both local and
regional cropping dynamics.

To characterize spatial variability in corn and soybean
planting and harvesting dates across the U.S. Midwest, we
further analyze the relationship between planting or harvest-
ing dates and geographic location. As shown in Fig. 7, corn
planting dates exhibit a nonlinear increasing trend with lati-
tude across the U.S. Midwest. This pattern is likely related to
the influence of temperature on planting decisions. In lower-
latitude areas (e.g., ∼ 36–38° N), planting typically occurs
between day of year (DOY) 90 and 115, while in higher-
latitude regions (above 42° N), planting shifts later, often oc-
curring between DOY 120 and 140. Warmer spring condi-
tions in the south accelerate soil warming and enable ear-
lier attainment of thermal thresholds required for seed ger-
mination and crop establishment. These favorable conditions

provide greater planting flexibility, allowing farmers to begin
planting corn earlier in the season. In contrast, cooler spring
temperatures at higher latitudes delay planting readiness, re-
sulting in progressively later planting dates toward the north.
Corn harvesting dates follow a segmented latitudinal pat-
tern, characterized by a steeper increase in lower-latitude
areas (south of 41.11° N) and a more gradual increase in
higher-latitude regions. Harvesting dates range from approx-
imately DOY 250 in southern counties to around DOY 310
in the north. This trend generally corresponds to the planting
pattern, as earlier planting often leads to earlier harvesting.
However, minor deviations between the two are likely driven
by hybrid selection and management strategies. Variations in
corn cultivars influence the timing of physiological maturity,
which in turn affects harvesting dates across different lati-
tudes.

Soybean planting dates display a more diverse latitudi-
nal pattern compared to corn. In southern regions (below
40.34° N), soybean is often planted later than that in some
northern areas, generally between DOY 120 and 160. This
delay is likely due to double cropping systems involving win-
ter wheat, where soybean planting is postponed until win-
ter wheat harvest is completed (Borchers et al., 2014). In
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Figure 6. Spatial patterns of annual averages of planting and harvesting dates during 2001–2024 for corn and soybean.

Figure 7. Relationship between mean county-level planting or harvesting dates and latitude in the U.S. Midwest for corn and soybean from
2001 to 2024, with a fitted trend line illustrating the latitude-dependent variation in planting or harvesting timing.
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contrast, in central and northern regions soybean planting
dates remain relatively consistent across latitudes, typically
within DOY 130–145, reflecting the limited adoption of dou-
ble cropping and the flexibility of later planting relative to
corn once low-temperature risks have passed. Soybean har-
vesting dates exhibit a relatively stable latitudinal pattern,
with harvest typically occurring around DOY 290. This pat-
tern may be attributed to cultivar selection adapted to local
conditions, enabling crops to reach maturity at a similar time
despite differences in planting dates. In addition, soybean de-
velopment is further regulated by photoperiod besides tem-
perature, which contributes to a more compact and uniform
growth cycle across latitudes. These factors together likely
contribute to the observed uniformity in soybean harvesting
timing.

Figure 8 presents trends in planting dates, harvesting dates,
and growing season lengths for corn and soybean across 12
U.S. Midwestern states from 2001 to 2024. Positive val-
ues indicate delays, while negative values represent earlier
timing. In general, corn planting dates show delayed trends
across all states, though the magnitude varies. These de-
lays may be driven by increasingly wet spring conditions,
greater weather variability, or more cautious planting deci-
sions in response to early-season risks. In contrast, soybean
planting dates exhibit more heterogeneous patterns. Delays
in states such as Michigan and Missouri may be due to dou-
ble cropping with winter wheat or shifts in local management
practices, while earlier planting trends in states like Illinois
and Nebraska may result from increased planting flexibil-
ity or a shift from strictly sequential planting (soybean after
corn) to partially overlapping planting windows. Harvesting
date trends are generally smaller in magnitude than plant-
ing trends. Corn harvesting dates have been delayed in sev-
eral states, including Illinois, Kansas, Missouri, and Ohio,
likely due to the adoption of longer-season hybrids. Other
states show relatively stable harvesting timing. Soybean har-
vesting dates remain relatively stable across the region. As
a result, the corn growing season appears shortened in most
states, suggesting that delayed planting has been the domi-
nant driver. In contrast, the soybean growing season remains
relatively stable across most states, likely because synchro-
nized shifts in planting and harvesting have offset one an-
other. These results suggest that corn and soybean systems
are both adapting dynamically to changing climatic and agro-
nomic conditions. Additionally, these differences reflect site-
specific management strategies shaped by human decisions,
which are influenced by varying understandings of local cli-
mate, cropping systems, and operational constraints.

3.3 Meteorological Drivers of Planting and Harvesting

Regarding planting timing, Table 1 summarizes the regres-
sion results from county- and year-fixed effects panel models
relating early season (January–May) weather conditions to
the timing of planting dates for corn and soybean. For corn,

higher mean minimum temperatures during spring are sig-
nificantly associated with earlier planting dates, with each
1 °C increase in minimum temperature advancing planting by
about 0.85 d (p < 0.001). Higher total precipitation is signifi-
cantly associated with delayed planting, with each additional
millimeter of spring precipitation delaying planting by about
0.0232 d (p < 0.001). In contrast, mean maximum temper-
ature during spring shows no statistically significant associ-
ation with planting dates (p = 0.632). This pattern is likely
because, in the U.S. Midwest, corn is planted as early as pos-
sible once the frost-free period begins and soil conditions are
sufficiently dry, so minimum temperature and total precip-
itation serve as the primary climatic constraints. The stan-
dardized coefficient for precipitation (3.35) is slightly greater
in magnitude than that for minimum temperature (−2.84),
suggesting that excess soil moisture may be a more lim-
iting factor than temperature for timely corn planting. For
soybean, higher mean minimum and maximum temperatures
have comparable effects on planting dates. Each 1 °C in-
crease in minimum temperature advances planting by about
0.38 d, while higher maximum temperatures are associated
with changes of similar magnitude. Precipitation is signifi-
cantly linked to delayed planting, with each additional mil-
limeter in spring delaying planting by about 0.0318 d (p <
0.001). The standardized coefficient for precipitation (4.6)
is substantially greater than those for temperature (around
−1.3), indicating that excess soil moisture is a more impor-
tant constraint than temperature for soybean planting. This
pattern reflects the fact that soybean is typically planted af-
ter corn, when the frost-free period has already begun, so
minimum temperature exerts less influence on planting deci-
sions and soil moisture becomes the dominant factor. In gen-
eral, soybean planting, similar to corn, tends to occur earlier
in warmer conditions and later in wetter conditions. Addi-
tional panel regressions using detrended planting dates are
conducted to isolate interannual weather effects from long-
term management and technological trends, yielding compa-
rable results (Table S1 in the Supplement).

Regarding harvesting timing, Table 2 summarizes the re-
gression results from county- and year-fixed effects panel
models relating late-season (August–November) weather
conditions to the timing of harvesting dates for corn and soy-
bean. A 1 °C increase in minimum temperature is associated
with a delay in harvesting of 2.14 d for corn (p < 0.001) and
2.01 d for soybean (p < 0.001). This is because, in the U.S.
Midwest, higher minimum temperatures often indicate more
humid conditions (Kunkel et al., 2013). Factors such as soil
moisture, evapotranspiration from crops, and the insulating
effect of humid air contribute to warmer nights, and this el-
evated humidity slows the dry-down process, ultimately de-
laying harvesting decisions. In contrast, a 1 °C increase in
maximum temperature is associated with an advance in har-
vesting of 4.00 d for corn (p < 0.001) and 3.35 d for soy-
bean (p < 0.001). This is likely due to faster crop dry-down
under warmer daytime conditions. Each additional millime-
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Figure 8. The trends of planting dates, harvesting dates, and growing season lengths during 2001–2024 by crops and states.

Table 1. Summary of fitted coefficients for early season weather variables in county- and year-fixed effects panel regression models esti-
mating county-level planting day for corn and soybean. The weather variables include mean minimum temperature (Tmin), mean maximum
temperature (Tmax), and total precipitation (Precip) during January–May. Coefficient type indicates whether coefficients are based on non-
standardized or standardized weather variables. Standard errors are shown in parentheses. Statistical significance is indicated using multiple
p value thresholds (∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001) to distinguish different levels of statistical significance. Coefficients without
symbols are not statistically significant.

Crop type Corn Soybean

Coefficient Type Non-standardized Standardized Non-standardized Standardized

Tmin −0.8515 (0.1482)∗∗∗ −2.8396 (0.4941)∗∗∗ −0.3834 (0.1583)∗ −1.3116 (0.5418)∗

Tmax 0.0540 (0.1127) 0.1940 (0.4050) −0.3483 (0.1303)∗∗ −1.2580 (0.4708)∗∗

Precip 0.0232 (0.0009)∗∗∗ 3.3492 (0.1264)∗∗∗ 0.0318 (0.0009)∗∗∗ 4.6135 (0.1375)∗∗∗

Adjusted R2 0.721 0.721 0.546 0. 546

∗ for p < 0.05, ∗∗ for p < 0.01, ∗∗∗ for p < 0.001.

Earth Syst. Sci. Data, 18, 4373–4392, 2026 https://doi.org/10.5194/essd-18-4373-2026



Y. Liu and C. Diao: CropPlantHarvest 4387

ter of precipitation during the harvest window is associated
with a delay in harvesting of 0.01–0.02 d (p < 0.001) for
both crops, as wet weather can impede field access and ma-
chine operation. Based on standardized coefficients, max-
imum temperature has a much stronger influence on har-
vest timing than minimum temperature or total precipitation.
Overall, these results show the asymmetric influence of di-
urnal temperature patterns and seasonal rainfall on planting
and harvesting timing, with distinct crop-specific responses
across the two management phases. Additional panel regres-
sions using detrended harvesting dates are conducted to iso-
late interannual weather effects from long-term management
and technological trends, yielding comparable results (Ta-
ble S2 in the Supplement).

4 Discussion

We introduce CropPlantHarvest, the first long-term, 500 m
spatial resolution dataset of planting and harvesting dates for
corn and soybean across the U.S. Midwest, covering 2001–
2024. By pinpointing the onset and end of vegetation activity,
it delivers temporally precise crop growth season boundaries
that are essential for understanding management adaptations
to climate change, improving yield estimation, and guiding
greenhouse gas accounting, ultimately enabling more accu-
rate modeling and sustainable agricultural management.

CropPlantHarvest offers two key advantages over exist-
ing planting and harvesting datasets. First, it provides de-
tailed spatial and temporal varying estimates of planting
and harvesting dates for corn and soybean at 500 m spa-
tial resolution and daily temporal resolution (e.g., DOY
102). Developed using daily MODIS observations, it detects
subtle vegetation changes that mark the start and end of
the growing season, enabling precise identification of these
management-driven events. While global crop calendar prod-
ucts (e.g., SAGE, MIRCA2000, RiceAtlas, PSHW, GCPE)
have been invaluable for mapping broad-scale crop seasonal-
ity, their coarse spatial (e.g., 0.5° grid or regional) and tem-
poral (e.g., monthly or half-monthly) resolutions limit their
ability to capture interannual variability or localized man-
agement practices. CropPlantHarvest overcomes these con-
straints with fine-scale, annually varying estimates that sup-
port detailed monitoring and analysis of spatial and temporal
heterogeneity in planting and harvesting behaviors. Second,
CropPlantHarvest achieves high accuracy, with a MAE of
around 4 d at the state level when validated against indepen-
dent CPRs. This performance surpasses previous phenology-
based datasets derived from SOS- or EOS-based phenomet-
rics (Yang et al., 2020; Shen et al., 2022) and phenology
matching methods (Sakamoto, 2018), all of which report
MAEs exceeding 10 d. The improved accuracy of CropPlan-
tHarvest stems from its integration of two tailored systems:
CropSow, which estimates planting dates by assimilating
satellite-derived phenological signals with crop growth tra-

jectories simulated by a process-based crop growth model,
and the NHPI-based method, which identifies harvesting
dates by capturing the distinct spectral transition from senes-
cent vegetation to exposed crop residues using a combination
of NDVI and NIR reflectance. By integrating additional mod-
eling and spectral signatures beyond VI time series alone, the
CropSow system and the NHPI-based method more directly
link satellite signals to operational events in the field, ad-
dressing a long-standing challenge in remote sensing–based
estimation of planting and harvesting dates, where inconsis-
tencies between VI trajectories and actual management ac-
tions often lead to substantial errors.

The CropPlantHarvest dataset supports diverse down-
stream applications. It enables assessments of long-term
trends in farmer management decisions and offers valu-
able insights into their adaptation to climate change. When
combined with meteorological data, it reveals that for corn,
higher minimum temperatures during the early season tend to
advance planting dates, whereas increased precipitation dur-
ing the same period delays them. Additional analyses using
weather variables restricted to the pre-planting period yield
comparable patterns and further strengthen the causal inter-
pretation of temperature and precipitation effects on plant-
ing timing (Tables S3 and S4 in the Supplement). During
the harvesting season, higher maximum temperatures gener-
ally lead to earlier harvests by accelerating grain dry-down,
while higher minimum temperatures are linked to later har-
vests due to elevated humidity, which slows dry-down. These
findings help explain the shift from the continued advance-
ment of planting dates in the latter half of the 20th century
to delayed planting around the early 21th century, linked to
wetter springs, as well as the persistent delay in harvest-
ing associated with the “warming hole” in the U.S. Mid-
west – characterized by rising minimum temperatures but rel-
atively stable maximum temperatures (Sacks and Kucharik,
2011; Basso et al., 2021). Further analysis could examine
how these climate–management relationships vary across
crop cultivars and regions, and assess their impacts on yield
to inform policy interventions aimed at enhancing food se-
curity and system resilience. In addition, as critical inputs
for process-based and remote sensing–based models, high-
resolution planting and harvesting dates enable more accu-
rate crop yield estimation, carbon accounting, and monitor-
ing of other management practices. For crop yield estima-
tion, they improve calibration by aligning simulated pheno-
logical stages with observed management events, thereby re-
ducing prediction uncertainty (Zhang and Diao, 2023; Luo et
al., 2023; Pei et al., 2025). For carbon accounting, they de-
fine the active growing and off-season periods, enabling earth
system models to more accurately estimate biomass accumu-
lation and seasonal carbon exchange, thereby improving as-
sessments of carbon dynamics in Agric. Syst. (Delgrosso et
al., 2005; Zhang et al., 2020). For crop management mon-
itoring, they constrain remote sensing analyses to specific
time windows, thereby improving the accuracy of detecting
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Table 2. Summary of fitted coefficients for harvesting season weather variables in county- and year-fixed effects panel regression models
estimating county-level harvesting day for corn and soybean. The weather variables include mean minimum temperature (Tmin), mean max-
imum temperature (Tmax), and total precipitation (Precip) during August–October. Coefficient type indicates whether coefficients are based
on non-standardized or standardized weather variables. Standard errors are shown in parentheses. Statistical significance is indicated using
multiple p value thresholds (∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001) to distinguish different levels of statistical significance. Coefficients
without symbols are not statistically significant.

Crop type Corn Soybean

Coefficient Type Non-standardized Standardized Non-standardized Standardized

Tmin 2.1408 (0.1998)∗∗∗ 5.0634 (0.4726)∗∗∗ 2.0141 (0.1652)∗∗∗ 4.7819 (0.3922)∗∗∗

Tmax −3.9971 (0.1803)∗∗∗ −11.2444 (0.5072)∗∗∗ −3.3498 (0.1717)∗∗∗ −9.4188 (0.4828)∗∗∗

Precip 0.0160 (0.0014)∗∗∗ 1.4946 (0.1354)∗∗∗ 0.0143 (0.0012)∗∗∗ 1.3148 (0.1119)∗∗∗

Adjusted R2 0.711 0.711 0.536 0.536

∗ for p < 0.05, ∗∗ for p < 0.01, ∗∗∗ for p < 0.001.

practices such as irrigation scheduling (Xie and Lark, 2021),
cover-crop timing (Zhou et al., 2022; Wang et al., 2023), and
tillage detection (Liu et al., 2022b; Zhang et al., 2024; Ma
et al., 2026). This temporal detail provides a robust basis for
yield forecasting, carbon accounting, and management mon-
itoring of the U.S. agriculture, and establishes a foundation
for extending applications to other regions.

Despite its spatial and temporal specificity and high ac-
curacy in capturing human-managed planting and harvesting
dates, CropPlantHarvest has several limitations. In order to
provide long-term coverage back to 2001, the dataset gen-
eration framework relies on MODIS imagery at 500 m res-
olution. To mitigate errors associated with sub-pixel hetero-
geneity at this scale, a strict pixel-purity criterion (≥ 90 %)
is applied. This conservative design improves the reliabil-
ity of the final dataset but reduces spatial coverage in highly
fragmented agricultural regions (Fig. S1). Future work could
leverage spatiotemporal image fusion (Yang et al., 2021;
Lyu et al., 2025), integrating fine-spatial, coarse-temporal-
resolution data (e.g., Landsat) with fine-temporal, coarse-
spatial-resolution data (e.g., MODIS), to generate long-term
satellite observations with both fine spatial detail and fre-
quent temporal coverage, thereby enabling more precise es-
timation of planting and harvesting dates. This approach
would preserve the historical record while adding detailed
spatial information, thereby improving the resolution and
reliability of detected cropland management practices. Fu-
ture work could also leverage multispectral and hyperspec-
tral foundation models trained on large-scale Earth observa-
tion datasets to learn transferable spatiotemporal represen-
tations of crop development, thereby improving the char-
acterization of crop phenology and the retrieval of planting
and harvesting dates from multi-source satellite observations
(Yang et al., 2024; Li et al., 2026). In addition, estimating
planting dates with CropSow requires the calibration of the
thermal time threshold in the crop growth model, which is
used to simulate the duration between planting and the re-
motely sensed Greenup phenometric. The accuracy of this

calibration can be influenced by the quality and representa-
tiveness of the calibration data. Biases may occur when re-
gional calibration data (i.e., CPR) are derived from limited
or spatially imbalanced samples, which may not adequately
represent regional planting conditions. Future work that cal-
ibrates CropSow using denser, field-level planting observa-
tions would help reduce these biases and further improve es-
timation accuracy.

5 Data availability

Our CropPlantHarvest dataset, which provides plant-
ing and harvesting dates for corn and soybean fields
at 500 m spatial resolution across the U.S. Midwest
from 2001 to 2024, can be accessed via Zenodo:
https://doi.org/10.5281/zenodo.16967482 (Liu and Diao,
2025).

6 Conclusion

In this study, we present CropPlantHarvest, the first an-
nual, 500 m resolution dataset of corn and soybean plant-
ing and harvesting dates across the U.S. Midwest from 2001
to 2024. CropPlantHarvest provides essential data for cli-
mate adaptation analysis, crop yield estimation, and green-
house gas accounting, filling the long-standing gap in con-
sistent, fine-resolution datasets for large-scale monitoring of
crop management practices. It leverages an integrative re-
motely sensed crop modeling system (i.e., CropSow) to esti-
mate planting dates and a novel spectral index (i.e., NHPI)
to detect harvesting dates with MODIS imagery, enabling
the characterization of fine-scale spatiotemporal dynamics of
these management practices. Validation against Beck’s field-
level observations and CPR state-level statistics demonstrate
high accuracy, with mean absolute errors generally around
5 d for both crop species. The high spatial and temporal
resolution of CropPlantHarvest enables tracking of shifts in
planting and harvesting strategies over two decades, offering

Earth Syst. Sci. Data, 18, 4373–4392, 2026 https://doi.org/10.5194/essd-18-4373-2026

https://doi.org/10.5281/zenodo.16967482


Y. Liu and C. Diao: CropPlantHarvest 4389

new opportunities to assess the impacts of climate variabil-
ity, management adaptation, and policy on agricultural sys-
tems. By providing high-resolution planting and harvesting
dates, CropPlantHarvest serves as a benchmark for refining
remote-sensing phenology products and evaluating the agro-
environmental impacts of evolving crop management deci-
sions. It also enables more accurate yield and carbon-cycle
modeling and improved monitoring of management practices
(e.g., tillage, cover cropping, and irrigation) by clearly delin-
eating growing and off-season periods, thereby supporting
food system resilience across U.S. agriculture and beyond.

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/essd-18-4373-2026-supplement.
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