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Abstract

Satellite-based prediction of grain protein concentration (GPC) in wheat typ-
ically composites spectral observations over fixed calendar windows, implicitly
assuming phenological synchrony across fields. We present a systematic evalua-
tion of whether aligning multi-source remote sensing time series to field-specific,
spectral-peak-relative windows improves field-level GPC prediction, for a qual-
ity trait whose physiology, senescence-linked nitrogen remobilization, contrasts
with the season-integrating behavior of yield. Integrating Sentinel-2 imagery (31
vegetation indices, 10 spectral bands), ERA5-Land reanalysis, gSSURGO soil
properties, and USGS 3DEP topography across 228 commercial winter wheat
fields in western Kansas (2024-2025), we compared six temporal strategies (peak-
relative vs. calendar x monthly, biweekly, growth-stage) using three ensemble
tree models under nested cross-validation with Boruta feature selection. A single
30-day post-peak window (peak + [16,45] days) was the top-performing and most
consistently selected window, chosen in 4 of 5 outer folds, reproducing prior accu-
racy under random cross-validation (R2 ~ 0.28); though its advantage over the
best calendar window was not statistically significant (paired bootstrap p = 0.08).
Under leave-county spatial cross-validation, however, this skill did not transfer
across counties (Sentinel-2—only R? ~ 0.01; per-county median R? = —0.23),
indicating the satellite signal supports within-region interpolation but not spatial
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extrapolation to unseen counties; ablation shows that neither the spectral nor

the static features transfer across counties on their own, and the residual cross-
county skill emerges only from their combination. A near-real-time application
at ~3 weeks before harvest retains most within-region skill at a modest accuracy
cost. The results delineate where spectral-peak-relative alignment helps, concen-
trating a senescence-linked signal within region, and where it does not, providing
an honest operational baseline for satellite-based grain-quality monitoring.
Keywords: grain protein concentration, winter wheat, Sentinel-2,
spectral-peak-relative alignment, spatial cross-validation, machine learning, grain filling

Nomenclature

AWC Available Water Capacity (mm)

BOA Bottom-of-Atmosphere

CCC Concordance Correlation Coefficient

CV Cross-Validation

DOY Day of Year

GDD Growing Degree Days (°C day)

GEE Google Earth Engine

GCVI Green Chlorophyll Vegetation Index

GPC Grain Protein Concentration (%)

gSSURGO Gridded Soil Survey Geographic database

HRW Hard Red Winter wheat

Koo Saturated Hydraulic Conductivity (ums™1)

KGE Kling-Gupta Efficiency

MBE Mean Bias Error (% protein)

MSI Multi-Spectral Instrument (Sentinel-2 sensor)

NDVI Normalized Difference Vegetation Index

NIR Near-Infrared

PET Potential Evapotranspiration (mm day 1)

RF Random Forest

RMSE Root Mean Squared Error (% protein)

RRMSE Relative Root Mean Squared Error (%)

SHAP SHapley Additive exPlanations

SWIR Shortwave Infrared

3DEP 3D Elevation Program (USGS)

VI Vegetation Index

VPD Vapor Pressure Deficit (kPa)

1 Introduction

Wheat (Triticum aestivum L.) is the most widely cultivated cereal crop globally, pro-

viding approximately 20% of dietary calories and protein for the world’s population
(Asseng et al, 2019). In the United States, hard red winter wheat (HRW) is the dom-
inant market class, and grain protein concentration (GPC) is the primary quality
determinant that governs end-use suitability and market price premiums (Guttieri



et al, 2015). Fields producing grain above 12% protein typically receive price premi-
ums, while low-protein lots (below 12% protein) are discounted or blended, creating
strong economic incentives for early and accurate GPC prediction (Lollato and Knapp,
2021). Despite its commercial importance, GPC remains difficult to predict before har-
vest because it depends not on total biomass accumulation, as yield does, but on the
ratio of nitrogen to carbohydrate partitioning into the grain during a relatively nar-
row developmental window (Martre et al, 2003; Bogard et al, 2010; De Oliveira Silva
et al, 2021).

Satellite remote sensing offers a scalable, non-destructive means of monitoring crop
biophysical status over large areas. Multispectral vegetation indices (VIs) derived from
platforms such as Sentinel-2 are sensitive to canopy chlorophyll content, leaf area,
and water status, proxies for the nitrogen dynamics that ultimately determine GPC
(Clevers and Gitelson, 2013; Zhao et al, 2019). Several studies have demonstrated
that satellite-derived spectral features can predict wheat GPC at experimental-plot
to regional scales, with reported accuracies ranging from R? = 0.28 to R? = 0.86
depending on spatial scale, sensor type, sample size, and the availability of multi-year
calibration data (Zhao et al, 2019; Tan et al, 2020; Wolters et al, 2022; Longmire et al,
2023; Xu et al, 2024). A recent synthesis-analysis of 84 studies found that prediction
accuracy varies widely with sensor proximity, wavelength range, and crop species, yet
satellite-based approaches at field-level remain underexplored (Bastos et al, 2021).
Beyond wheat, satellite-based prediction of seed protein concentration has also been
demonstrated for soybean using growth-stage-aligned imagery and ensemble machine
learning (Hernandez et al, 2023). To date, most wheat GPC studies have relied
on spectral observations acquired at fixed calendar dates or within calendar-defined
compositing windows.

The first open question is whether aligning observations with crop phenology
improves GPC prediction over fixed calendar dates. In practice, wheat fields within
even a small production region can differ by several weeks in their crop phenological
development due to differences in planting date, cultivar maturity class, soil moisture,
and microclimate (McMaster and Wilhelm, 1997; Bolton and Friedl, 2013). When
spectral observations are composited over calendar-fixed windows, the same temporal
bin may correspond to different growth stages across fields, thereby introducing phe-
nological noise that obscures the biophysical signals relevant to GPC. This problem
is well recognized in yield prediction, where phenology-normalized time series have
been shown to outperform calendar-based alternatives by 10-40% for maize and soy-
bean (Bolton and Friedl, 2013; Sakamoto et al, 2014; Zeng et al, 2020; Meng et al,
2022), and integrated satellite—weather—field approaches have demonstrated the value
of phenological timing for crop monitoring (Schwalbert et al, 2018; Nieto et al, 2021).
More recently, (Zhang et al, 2025) demonstrated that phenology-aligned deep learning
improves corn yield estimates over the US Midwest, increasing the explained vari-
ance from 61% to 71% relative to non-aligned approaches. However, to the extent of
our knowledge, no study has systematically compared static calendar windows with
dynamic, field-specific spectral-peak-relative temporal alignment for GPC prediction,
nor quantified the magnitude of this improvement.

093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138



139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184

A second complementary question concerns the temporal resolution of the obser-
vation window, that is, whether spectral features should be aggregated at monthly,
biweekly, or growth-stage intervals (whereas the first question asks how windows are
aligned, this one asks how long each window should be). Unlike yield, which integrates
photosynthetic production over the entire growing season, GPC is governed primar-
ily by nitrogen remobilization from senescing vegetative tissues during grain filling
(Gooding et al, 2003; Masclaux-Daubresse et al, 2008; Kichey et al, 2007). This phys-
iological concentration of the GPC signal in a narrow developmental phase suggests
that a single short window around grain filling may be more informative than features
aggregated over longer periods, but this hypothesis has not been tested across multiple
temporal resolutions or normalization strategies within a single consistent framework.

The individual components of this pipeline, peak detection, temporal normaliza-
tion, and ensemble learning, are established. The contribution of this study is not a
new method but a systematic, honestly-validated evaluation of an existing alignment
strategy on a quality trait whose physiology, unlike yield, concentrates the relevant
signal in a narrow developmental window rather than integrating it over the sea-
son. The same evaluation logic applies to other crop traits expressed within limited
developmental phases.

The present study addresses these gaps by systematically comparing six temporal
strategies for GPC prediction in winter wheat, defined by the factorial combination
of two normalization approaches (spectral-peak-relative windows vs. calendar) and
three temporal resolutions (monthly, biweekly, and growth stages). We evaluated all
six strategies under a unified pipeline based on ensemble tree models, chosen for their
robustness to collinearity and strong performance on tabular geospatial data (Random
Forest, XGBoost, Light GBM), nested cross-validation, and automated feature selec-
tion via Boruta, applied to 228 commercial winter wheat fields across western Kansas
during the 2024-2025 growing season.

The specific objectives of this study are to: (1) quantify the predictive advantage of
spectral-peak-relative versus calendar-based temporal compositing for field-level GPC
prediction; (2) identify the optimal temporal resolution and observation window within
the spectral-peak-relative framework; (3) characterize the spectral, edaphic, meteo-
rological, and topographic features most informative for GPC through SHAP-based
feature importance analysis; and (4) evaluate the practical utility of the predictions
for three-class grain quality classification. By providing the first systematic temporal
strategy comparison for satellite-based GPC prediction, this work aims to establish a
methodological baseline for future operational GPC mapping efforts.

2 Methodology
2.1 Study Area and Ground-Truth Data

The initial dataset encompasses 240 commercial winter wheat fields distributed across
19 counties in western Kansas, spanning the 2024-2025 growing season (Figure 1). The
sampled region covers a roughly 220 km north—south by 250 km east—west extent of
the semi-arid High Plains (37.37°-39.33° N, 98.91°-102.04° W), at elevations ranging
from 551 to 1189 m (mean 758 m). Western Kansas is among the most productive



HRW zones in the United States; Kansas consistently ranks as the leading wheat-
producing state, accounting for approximately 18% of total U.S. wheat output, with
HRW representing 98% of the state’s wheat crop (USDA-NASS, 2024). Production
in the region is predominantly rainfed, reflecting the semi-arid climate of the western
Great Plains (Schlegel et al, 2017). Of the 240 fields, 213 (88.8%) relied on dryland
management while 27 (11.2%) were irrigated (208 and 20, respectively, among the 228
fields retained for analysis), as classified by the Landscape Irrigation Dataset (LANID;
Xie et al, 2019).

GPC was determined at harvest from composite grain samples. Observed GPC
ranged from 8.86% to 16.11%, with a mean of 12.15 4+ 1.36% and a median of 12.10%
(mean 12.14 + 1.34% across the 228 fields retained after quality control; Figure S1),
which falls within the expected range for commercial HRW wheat in the central Great
Plains (Guttieri et al, 2015).
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Fig. 1 Spatial distribution of the 228 winter wheat fields retained for analysis across western Kansas
(20242025 growing season). Points are color-coded by measured grain protein concentration (%).
The inset shows the location of the study area within the conterminous United States. Descriptive
statistics of the observed GPC distribution are shown in the lower-left corner.

2.2 Remote Sensing and Ancillary Data

The predictor feature space was constructed by integrating four data sources: satellite
multispectral imagery, gridded weather data, a national soil survey database, and a
high-resolution digital elevation model. An overview of the complete pipeline, from
raw data acquisition through model evaluation, is provided in Figure 2.
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2.2.1 Sentinel-2 Multispectral Imagery

Multispectral surface reflectance data were obtained from the Sentinel-2A and
Sentinel-2B satellites of the Copernicus programme (Drusch et al, 2012). These twin
polar-orbiting sensors carry the Multi-Spectral Instrument, which acquires data in
13 spectral bands spanning the visible, red-edge, near-infrared (NIR), and shortwave
infrared (SWIR) regions at 10-20 m spatial resolution, with a combined revisit interval
of approximately five days at mid-latitudes.

We used the Level-2A (L2A) bottom-of-atmosphere (BOA) surface
reflectance product from the harmonized Sentinel-2 collection (COPERNI-
CUS/S2_.SR_HARMONIZED) available through Google Earth Engine (GEE; Gorelick
et al, 2017). L2A products are generated by the Sen2Cor processor (Main-Knorn et al,
2017), which performs atmospheric correction, terrain correction, and cirrus removal
from the Level-1C top-of-atmosphere data. All acquisitions between September 1,
2024 and June 30, 2025 that intersected the study area were ingested. Ten reflectance
bands were retained: B2 (blue, 490 nm), B3 (green, 560 nm), B4 (red, 665 nm), B5
(red-edge 1, 705 nm), B6 (red-edge 2, 740 nm), B7 (red-edge 3, 783 nm), B8 (NIR,
842 nm), B8A (narrow NIR, 865 nm), B11 (SWIR-1, 1610 nm), and B12 (SWIR-2,
2190 nm). Bands natively acquired at 20 m (B5-B7, B8A, B11, B12) were implicitly
resampled to the 10 m analysis grid via nearest-neighbor interpolation, the default
method in GEE, during zonal statistic computation. Digital number values were
converted to surface reflectance by applying the collection scale factor of 10~%, and
resulting values were constrained to the physically valid [0, 1] range.

Cloud and cloud-shadow masking followed a two-stage approach. First, scenes with
a metadata cloud cover percentage exceeding 30% were excluded. For the remaining
scenes, the Scene Classification Layer (SCL) produced by Sen2Cor was used to flag
and mask pixels classified as no data (class 0), saturated or defective (1), dark area
(2), cloud shadow (3), medium-probability cloud (8), high-probability cloud (9), thin
cirrus (10), or snow/ice (11). A morphological dilation with a 100 m radius was then
applied around all flagged pixels to suppress residual artifacts along cloud and shadow
edges (Frantz et al, 2018).

A total of 31 distinct spectral vegetation indices (VIs) were computed from the
cloud-free reflectance mosaics (Supplementary Table S1); NDWI and LSWI, which
reduce to the same NIR/SWIRI1 normalized difference for the Sentinel-2 band set, are
counted once. The index suite was designed to capture complementary biophysical
dimensions: canopy greenness and photosynthetic capacity (e.g., NDVI, EVI2, GCVI),
chlorophyll and nitrogen status via the red-edge domain (e.g., NDRE, Clre, MTCI,
S2REP, CCCI), canopy water content (e.g., NDWI, MSI), pigment composition and
senescence dynamics (e.g., PSRI, mARI, CVI), and structural properties (e.g., SAVI,
OSAVI, PVI). We deliberately emphasized the red-edge spectral region, as Sentinel-
2’s three dedicated red-edge bands (B5-B7) have shown strong sensitivity to foliar
nitrogen and chlorophyll concentration in wheat canopies (Clevers and Gitelson, 2013;
Prey and Schmidhalter, 2019; Zhao et al, 2019). The complete list of indices, their
formulas, and original references is provided in Supplementary Table S1.

For each Sentinel-2 acquisition, the spatial mean of every band and VI was calcu-
lated across all valid (unmasked) pixels within each field polygon, yielding one spectral



observation per field per overpass. Over the 12-month study period, this procedure
generated a multi-temporal series with approximately 10-12 observations per month
per field, depending on cloud conditions and orbital overlap.

2.2.2 Meteorological Data

Daily meteorological variables were sourced from the ERA5-Land reanalysis (Mutioz-
Sabater et al, 2021), a global land-surface dataset produced at 0.1° (~9 km) resolution
by the European Centre for Medium-Range Weather Forecasts (ECMWF). Data were
accessed via GEE (ECMWF/ERA5_LAND /DAILY_AGGR) and spatially matched to
each field centroid. Seven primary variables were extracted: mean, minimum, and max-
imum 2 m air temperature (Thean, Tmin, Tmax; “C), total precipitation (P; mm day 1),
potential evapotranspiration (PET; mm day '), 2 m dewpoint temperature (Tyew;
°C), and surface downwelling shortwave radiation (SSRD; MJ m~2 day~1).

Three derived agroclimatic variables were additionally computed. Vapor pressure
deficit (VPD; kPa) was calculated from Tiean and Tgew using the Tetens formula:
es = 0.6108 x exp(17.27T/(T + 237.3)). VPD is a well-established driver of wheat
transpiration and has been linked to grain protein accumulation, particularly under
terminal heat stress (Asseng et al, 2019). Growing degree days (GDD; °C day) were
computed as max(0, (Tmax + Tmin)/2 — Thase) With Thase = 0 °C, following standard
thermal time conventions for winter wheat (McMaster and Wilhelm, 1997). Finally, a
daily water deficit (mm) was obtained as the difference between PET and precipitation,
since post-anthesis moisture stress is known to accelerate nitrogen remobilization to
the grain, thereby increasing GPC (Gooding et al, 2003).

2.2.3 Soil Properties

Soil physical, chemical, and hydraulic properties were extracted from the Gridded Soil
Survey Geographic (gSSURGO) database (Soil Survey Staff, USDA-NRCS), a widely
used gridded soil product for the conterminous United States. A total of 43 variables
were obtained at two depth intervals, topsoil (0-30 cm) and subsoil (30-100 cm) along
with profile-integrated values. The extracted properties included particle size frac-
tions (clay, sand, silt), organic matter content, bulk density, cation exchange capacity,
available water capacity (AWC), and saturated hydraulic conductivity (Ksat). Water
retention parameters, saturation (SAT), drained upper limit (DUL), and lower limit
of plant-available water (LL15) were derived using the Saxton and Rawls (2006) pedo-
transfer functions (Saxton and Rawls, 2006). Soil organic matter, clay content, and
water-holding capacity are all known to regulate nitrogen mineralization and plant
uptake (Raun and Johnson, 1999), making these properties plausible auxiliary pre-
dictors for GPC estimation. An irrigation flag (0 = rainfed, 1 = irrigated) was also
assigned to each field from the LANID dataset (Xie et al, 2019).

2.2.4 Topographic Data

Terrain variables were derived from the USGS 3D Elevation Program (3DEP) digital
elevation model at 1/3 arc-second (~10 m) resolution, accessed through GEE. Zonal
statistics were computed for each field polygon: mean, minimum, maximum, standard
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Fig. 2 Overview of the methodological framework for field-level wheat GPC prediction. The pipeline
comprises four stages. Stage 1: Multi-source data acquisition from Sentinel-2 multispectral imagery
(10 bands, 31 vegetation indices), ERA5-Land meteorological reanalysis (7 primary + 3 derived vari-
ables), gSSURGO soil properties (43 variables at two depth intervals), and USGS 3DEP topographic
data. Stage 2: Phenological peak detection via double logistic fitting of GCVTI time series, followed
by temporal normalization (spectral-peak-relative or calendar) and aggregation at three resolutions
(monthly, biweekly, growth stages), yielding six temporal strategies. Features are summarized as
mean, standard deviation, and 10th/90th percentiles per window (805-3,598 temporal features + 70
static features). Stage 3: Boruta all-relevant feature selection (~10-14 features per fold), followed
by training of three ensemble tree models (Random Forest, XGBoost, Light GBM) within a nested
cross-validation framework (5 outer X 5 inner X 3 repeats). Stage 4: Model evaluation using six
complementary metrics (R2, RMSE, CCC, KGE, MBE, RRMSE), SHAP-based feature importance
analysis, and three-class grain quality classification (Low/Mid/High protein).



deviation, and range of elevation (m), as well as mean slope (°) and mean aspect (°
from north). Field centroid coordinates were used only to extract these zonal statis-
tics and to define the spatial cross-validation groups (Section 2.6.2); they were not
included as predictors in any model. For the public dataset release these coordinates
are aggregated to the county level to protect grower confidentiality (see the Data and
code availability statement). Topographic position influences soil moisture redistribu-
tion and local microclimate, both of which can indirectly affect nitrogen availability
and grain quality outcomes (Kravchenko and Bullock, 2000).

2.3 Phenological Peak Detection

A central methodological element of this work is the estimation of field-specific pheno-
logical timing from satellite data, which subsequently allows temporal normalization
of the feature set. For each of the 240 fields, we estimated the date of maximum canopy
greenness and used it as a temporal anchor (day 0) in the peak-relative normalization
described in Section 2.4.

2.3.1 Reference Vegetation Index

The Green Chlorophyll Vegetation Index (GCVI = NIR/Green —1; Gitelson et al,
2003) was chosen as the phenological reference variable. GCVI exhibits an approxi-
mately linear relationship with canopy chlorophyll content and does not saturate at
high biomass, overcoming a well-known limitation of NDVI. This characteristic makes
GCVI particularly well suited for reliably detecting peak greenness timing in winter
wheat.

2.3.2 Time-Series Preprocessing

The GCVI time series for each field was first restricted to the February 1 — June 30,
2025 window, which captures greenup, peak, and senescence while excluding the largely
dormant winter period. Gaps in the time series were filled by linear interpolation to
create a daily grid. The interpolated series was then smoothed using a Savitzky—Golay
convolution filter (window = 7 days, 2nd-order polynomial; Savitzky and Golay, 1964;
Chen et al, 2004) and resampled to 3-day composites. This preprocessing suppresses
residual noise from cloud contamination while preserving the timing and shape of key
phenological transitions.

2.3.3 Double Logistic Curve Fitting

A seven-parameter double logistic function (Beck et al, 2006) was fitted to each field’s
smoothed GCVI profile to obtain a continuous representation of seasonal canopy
dynamics:

GCVI(t) =mi + (mg — mr7 - t) [0’1 (t) — Ug(t)] (1)
where:
1 1
o1(t) = v ()= — 2)
1+exp<m;3n4 t) 1—|—exp(75n6t>
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Fig. 3 Phenological peak detection and temporal aggregation framework. (a,b) GCVI time series
for two representative fields showing raw observations (grey), Savitzky—Golay smoothing (blue), and
double logistic fit (red), with the three aggregation resolutions displayed below under spectral-peak-
relative and calendar normalization, respectively. (¢) Distribution of detected GCVI peak dates across
all 228 fields.

The parameters encode baseline GCVI (m;), seasonal amplitude (mg), greenup
inflection point and rate (ms, my), senescence inflection point and rate (ms, mg),
and a linear drift correction (my). Estimation was carried out using the Levenberg—
Marquardt algorithm as implemented in the Imfit library (Newville et al, 2014), with
up to 2,000 function evaluations permitted. Initial parameter values were set heuristi-
cally from observed GCVI percentiles and timing of extrema to facilitate convergence
toward biologically plausible solutions.

The peak date for each field was defined as the day of year (DOY) at which the
fitted GCVI curve attained its maximum. This date serves as the phenological anchor
point (day 0) for all subsequent peak-relative analyses.

2.3.4 Quality Control

Fields were excluded if their estimated peak fell outside the April-May window (DOY
91-152, consistent with the expected heading period for winter wheat in the central
Great Plains (Lollato and Knapp, 2021)), which would indicate anomalous phenolog-
ical timing for winter wheat in this region, or if the double logistic fit explained less
than half the observed variance (R? < 0.50). These criteria removed 12 fields (5.0%),
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leaving a final dataset of 228 fields. Among retained fields, peak dates averaged DOY
116 (late April) with a standard deviation of 9.3 days (range: DOY 92-146), reflecting
relatively synchronous but spatially variable crop development across the study area
(Figure 3). The mean curve-fit R was 0.954 (range: 0.650-0.996), indicating that the
double logistic model captured the observed GCVI trajectory well in the vast majority
of fields.

2.4 Temporal Normalization and Aggregation

As established in Section 1, no study has systematically compared spectral-peak-
relative and calendar-based temporal windows for GPC prediction. To address this
gap, we first identified each field’s phenological peak (Section 2.3) and then evaluated
six temporal strategies in a factorial design crossing two normalization approaches
with three aggregation resolutions, producing six distinct feature generation pipelines
(Figure 3).

2.4.1 Temporal Normalization
Two normalization strategies were compared:

1. Peak-relative (spectral-peak-relative) normalization. Observation dates
were re-expressed as days relative to each field’s individually estimated GCVI peak
date (Section 2.3), so that day 0 always corresponds to maximum canopy greenness.
This effectively removes inter-field phenological variability arising from differences
in planting date, cultivar maturity, soil thermal properties, and local microclimate,
projecting all fields into a common developmental reference frame. Phenology-
driven temporal alignment has shown promise in crop yield forecasting (Sakamoto
et al, 2014) and vegetation monitoring (Zeng et al, 2020), although its potential for
grain quality prediction has not been systematically explored.

2. Calendar (fixed-date) normalization. Dates were retained as absolute calendar
dates without any field-specific adjustment. This approach is operationally simpler,
since it does not require prior phenological estimation, and is more directly appli-
cable in near-real-time scenarios. However, it implicitly assumes that all fields are
at comparable developmental stages on any given date, which is rarely the case in
practice.

Within each normalization framework, three levels of temporal resolution were
evaluated:

1. Growth stages (5 windows). Five broad windows covering major developmen-
tal phases. Under peak-relative normalization, periods were defined in days from
peak: CP1 [—240, —121], CP2 [-120, —60], CP3 [-59, —16], CP4 [—15, +15], and
CP5 [+16, +36], corresponding approximately to fall establishment, overwintering,
spring greenup, peak canopy, and early grain filling; these coarse windows are phe-
nologically motivated and vary in length by design. Under calendar normalization,
approximate fixed-date windows were used: CP1 [Sep—Dec 2024|, CP2 [Jan—Feb
2025], CP3 [Mar 1-Apr 15], CP4 [Apr 16-May 15], and CP5 [May 16—Jun 30].
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Table 1 Aggregation functions applied to each predictor variable type during temporal feature
generation.

Variable type Aggregation functions

Vegetation indices (31) mean, standard deviation, 10th and 90th percentiles
Spectral bands (10) mean

Temperature variables (mean, min, max) mean

Precipitation sum (period accumulation)

PET, GDD sum (period accumulation)

VPD, SSRD mean

2. Monthly (10-13 windows). For peak-relative normalization, 13 monthly win-
dows were created: nine 30-day pre-peak windows, a central peak window ([—15,
+15] days), and three 30-day post-peak windows. The calendar counterpart used
the 10 standard months from September 2024 to June 2025.

3. Biweekly (20—24 windows). Fifteen-day intervals: 18 pre-peak biweeks, one peak
biweek ([—7, +7] days), and 5 post-peak biweeks in the peak-relative version (24
in total); 20 fixed half-month intervals in the calendar version.

The spectral-peak-relative schemes consistently yield slightly more windows than
their calendar counterparts because they insert a dedicated window centered on each
field’s estimated peak date, a period that, by construction, does not coincide with any
fixed calendar boundary, and because partitioning the season into fixed-length blocks
relative to a variable anchor date does not produce the same number of intervals as a
fixed calendar partition.

2.4.2 Feature Aggregation

Daily time-series observations within each temporal window were aggregated into
summary statistics using variable-appropriate functions, as summarized in Table 1.

This step converted the unevenly spaced daily time series into a fixed-length feature
vector per field. The resulting number of raw features ranged from approximately 805
for the 5-period strategies (fewest windows) to 3,598 for the biweekly strategies (most
windows), in addition to 70 static features (soil and topography) shared across all
strategies.

2.4.3 Temporal Window Combination Optimization

Rather than selecting a single observation period a priori, we performed an exhaus-
tive search over all possible contiguous window combinations within each of the six
strategies. For a strategy defined by k temporal windows, the number of contiguous
subsets is k(k + 1)/2, yielding between 15 (5-period strategies) and 300 (biweekly
strategies) candidate combinations. The full modeling pipeline (Sections 2.5-2.7) was
executed independently for each combination, and the best-performing one was iden-
tified based on the highest cross-validated R? achieved by any of the three models.
This data-driven approach identifies which phases of the growing season carry the
strongest predictive signal for GPC, without relying on a priori assumptions about
optimal sensing windows.
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2.5 Feature Selection

The high dimensionality of the feature space relative to the sample size (n = 228)
necessitated rigorous feature selection to mitigate overfitting. We adopted a two-stage
procedure combining unsupervised filtering with a supervised wrapper method.

2.5.1 Unsupervised Pre-screening

An initial, target-independent screening was applied to the full dataset prior to cross-
validation (CV). Two sequential filters were used: (i) a variance threshold of 107¢,
removing near-constant features; and (ii) a collinearity filter that, for each pair of fea-
tures with Pearson |r| > 0.90, retained the member with higher variance. Because
this step operates solely on feature distributions without reference to the target vari-
able, it does not introduce information leakage into the cross-validation framework
(Hastie et al, 2009). Depending on the temporal strategy, this pre-screening typically
eliminated 60-70% of the input features.

2.5.2 Boruta Feature Selection

The pre-screened feature set was then subjected to the Boruta all-relevant feature
selection algorithm (Kursa and Rudnicki, 2010), executed independently within each
outer cross-validation fold using only training-fold data. Boruta wraps a Random
Forest regressor and identifies features whose importance scores consistently exceed
those of randomly permuted “shadow” features. A feature was confirmed as relevant if
it passed the statistical test at o = 0.05 within 100 iterations; tentative features, those
neither clearly confirmed nor rejected, were conservatively retained to avoid discarding
potentially informative variables in this data-limited setting. The underlying Random
Forest estimator used 200 trees with a maximum depth of 7.

Across strategies and folds, Boruta typically selected 10-14 features, achiev-
ing a roughly two-order-of-magnitude reduction from the initial feature space. This
compression was critical for stable model training given the modest sample size.

2.6 Machine Learning Models

The choice of ensemble tree-based machine learning over classical parametric
approaches such as multiple linear regression or partial least squares regression (PLSR)
was dictated by three characteristics of this prediction problem. First, the relationship
between canopy spectral response and grain protein content is non-linear and is further
modulated by cultivar, soil, and management effects that interact in ways that cannot
be specified a priori. Second, stacking multiple spectral indices across several tempo-
ral windows produces a high-dimensional, strongly collinear feature space in which
linear estimators become unstable and prone to over-fitting; tree-based ensembles are
largely insensitive to feature collinearity and scale, and perform implicit feature selec-
tion at every split (Breiman, 2001; Hastie et al, 2009). Third, with 228 fields the
sample size is sufficient to train regularized ensembles but insufficient to reliably fit
deep neural architectures, which typically require one to two orders of magnitude
more samples to outperform gradient-boosted trees on tabular remote-sensing data
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(Grinsztajn et al, 2022; Shwartz-Ziv and Armon, 2022). Random Forest, XGBoost,
and Light GBM were therefore selected because they represent the current state of the
art on tabular geospatial regression tasks, have been applied successfully to closely
related satellite-based seed protein prediction problems (Hernandez et al, 2023), and
expose feature-importance diagnostics (e.g., gain, SHAP) that allow the contribution
of individual phenological windows to be interpreted, an analytical requirement of this
study. Each algorithm and its hyperparameter search space is detailed below:

1. Random Forest (RF; Breiman, 2001). An ensemble of decorrelated deci-
sion trees trained on bootstrap samples. Predictions are averaged across trees,
which reduces variance and provides intrinsic robustness to overfitting. Hyperpa-
rameters tuned included number of trees (100-500), maximum depth (5-20, or
unconstrained), minimum samples per leaf (1-4), and maximum features per split
(/D logy p, or 0.5p).

2. XGBoost (Chen and Guestrin, 2016). A gradient-boosted tree algorithm that
sequentially fits weak learners to residual errors, with L1 and L2 regularization
to control complexity. The tuned hyperparameter space covered boosting rounds
(100-600), learning rate (0.01-0.1), tree depth (3-10), row and column subsample
ratios (0.7-1.0), and minimum child weight (1-5).

3. Light GBM (Ke et al, 2017). A histogram-based gradient boosting framework
that uses gradient-based one-side sampling (GOSS) and exclusive feature bundling
(EFB) for improved computational efficiency on high-dimensional inputs. Tuned
hyperparameters included boosting rounds (100-600), learning rate (0.01-0.1),
tree depth (5-20, or unlimited), number of leaves (31-127), and row and column
subsample ratios (0.7-1.0).

Remaining missing values, if any, were imputed with the training-fold median.

2.6.1 Nested Cross-Validation

Training and evaluation followed a nested cross-validation protocol, which is consid-
ered essential for obtaining unbiased performance estimates when the dataset is small
(Varma and Simon, 2006). Standard (non-nested) CV is known to yield optimisti-
cally biased accuracy figures because the same data inform both model selection and
evaluation (Vabalas et al, 2019); nesting the loops prevents this information leakage.

The outer loop employed a 5-fold stratified split, where the protein distribution
was discretized into five quantile bins for stratification. Each fold thus contained
approximately 46 test samples and 182 training samples.

In the inner loop, a 5-fold repeated CV with 3 repeats (15 inner evaluations per
configuration) was used to select optimal hyperparameters. Because the tuning grid
for each model (Supplementary Table S3) exceeded 15 combinations, hyperparameters
were selected by randomized search, sampling 15 configurations per model per outer
fold (exhaustive grid search was reserved for grids of 15 or fewer combinations, which
none of the three models reached). The scoring metric was negative RMSE. Impor-
tantly, Boruta feature selection (Section 2.5.2) was executed independently on each
outer fold’s training set before the inner hyperparameter search, maintaining strict
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separation between feature selection, hyperparameter tuning, and final performance
assessment.

Once the best hyperparameters were identified, the model was retrained on the full
outer-fold training set and evaluated on the corresponding held-out test fold. Repeat-
ing this across all five outer folds yielded five independent, unbiased performance
estimates per model per temporal strategy. Additionally, a simple averaging ensem-
ble was computed by taking the arithmetic mean of the three base model predictions
on each test fold. All random number generator seeds were fixed to 42 throughout to
ensure reproducibility.

2.6.2 Spatial cross-validation and robustness analyses

Because the sampled fields are spatially clustered and several predictors carry envi-
ronmental gradients, the random stratified outer split above estimates within-region
interpolation but not spatial transfer. We therefore repeated the full nested protocol
with the outer split grouped by county, using both spatial k-fold (counties parti-
tioned into five groups) and leave-one-county-out cross-validation; field centroids were
used only to assign these groups and were never predictors. To keep model selection
honest, all strategy contrasts in this subsection use a single pre-specified estimator
(Random Forest), and results are summarized both as pooled out-of-fold R? and, for
leave-one-county-out, as the distribution of per-county RZ2.

Four additional analyses support the interpretation. (i) Feature-group ablations,
run on identical folds, quantify the contribution of each data source (Sentinel-2 only;
meteorology only; soil and topography; with and without absolute elevation) and
include a dimension-matched control in which a random subset of features equal in size
to the M+1 set is drawn from the full stack. (ii) The advantage of the best spectral-
peak-relative window over the best calendar window was assessed with a paired test
on per-field errors and a paired bootstrap on the R? difference (20,000 resamples),
and the window itself was re-selected inside each outer fold (training data only) to
obtain a selection-unbiased estimate. (iii) A near-real-time evaluation re-estimated the
phenological peak and rebuilt the M+1 features using only observations available at
successive forecast cut-off dates, quantifying the online-versus-retrospective peak error
and the associated change in prediction accuracy. (iv) The stability of the greenness
peak as an alignment anchor was examined by computing the peak-to-senescence off-
set (using the senescence inflection my of the double logistic) and by re-running the
alignment anchored on mjs at a matched window. Full code for all analyses is available
in the repository.

2.7 Evaluation Metrics

Model performance was quantified using six metrics computed on the out-of-fold test
predictions:

1. Coefficient of determination (R?): the proportion of variance in observed GPC
that is explained by the predictions.

2. Lin’s Concordance Correlation Coefficient (CCC; Lin, 1989): jointly evaluates
the precision and accuracy of agreement between predicted and observed values. A
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CCC of 1.0 indicates perfect concordance, while values below the Pearson r signal
the presence of systematic bias.

3. Root Mean Squared Error (RMSE; % protein): the magnitude of a typical
prediction error, in the same units as the target.

4. Relative RMSE (RRMSE; %): RMSE normalized by the mean observed GPC,
allowing comparison across studies with different protein ranges.

5. Mean Bias Error (MBE; % protein): the average signed prediction error,
indicating systematic tendencies toward over- or underestimation.

6. Kling—Gupta Efficiency (KGE; Gupta et al, 2009): a composite metric that
balances correlation (r), variability ratio (&« = opred/0obs), and bias ratio (8 =
Upred/Tobs) into a single score. KGE = 1 represents perfect agreement, and values
are penalized when the model compresses or inflates the predicted range relative
to observations.

All metrics are reported as mean + standard deviation over the five outer CV folds
to characterize both overall performance and inter-fold variability.

2.8 Model Interpretation

To identify which features drive the GPC predictions, SHAP (SHapley Additive exPla-
nations; Lundberg and Lee, 2017) values were computed for the best-performing model
and temporal combination using the TreeExplainer algorithm. Rooted in cooperative
game theory (Shapley, 1953), SHAP assigns each feature a contribution to each indi-
vidual prediction, allowing us to quantify not only feature importance but also the
direction and magnitude of each feature’s effect. We generated beeswarm plots to
visualize the distribution of SHAP values across all 228 fields, which facilitates the
identification of the most influential spectral, meteorological, and edaphic predictors
and their functional relationship with grain protein concentration.

3 Results

3.1 Phenological Peak Detection

Of the 240 fields, 228 (95.0%) passed the phenological quality control filters (minimum
fit R? > 0.50; peak within April-May) and were retained for subsequent analysis. The
double logistic fits achieved a mean fit R? of 0.95 (range: 0.65-0.996) (Figure S2).

Estimated GCVI peak dates ranged from DOY 92 to DOY 146, with a mean of
116 + 9.3 days (Figure 3c). The standard deviation of only 9.3 days indicates that
phenology was relatively synchronous across the region; the wider 54-day extreme
range is set by a small number of early- and late-peaking fields. This modest dispersion
is central to interpreting the temporal-alignment results (Section 4): where most fields
peak within a narrow window, calendar and peak-relative compositing largely coincide,
leaving alignment little room to outperform a fixed calendar.
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3.2 Effect of Temporal Normalization and Resolution

Table 2 summarizes the best-performing temporal window for each combination of nor-
malization, resolution, and model. The Random Forest peak-relative monthly strategy
achieved the highest R? across all 18 strategy—model combinations (R? = 0.30+0.05),
followed by the calendar biweekly strategy (LightGBM, R? = 0.2540.09) and calendar
growth-stage aggregation (Random Forest, R? = 0.24+0.15). Within the peak-relative
normalization, the coarse growth-stage aggregation ranked lowest (Random Forest,
R? =0.19).

The advantage of spectral-peak-relative alignment was most pronounced at the
monthly resolution, where peak-relative (R? = 0.30) exceeded calendar (R? = 0.23)
by an absolute difference of 0.077 in per-fold mean R? (the paired-bootstrap esti-
mate of this difference, AR? = 0.088, and its statistical significance are reported in
Section 3.6). At finer (biweekly) and coarser (period) resolutions, performance differ-
ences between the two normalization strategies were smaller and did not consistently
favor either approach, suggesting that the 30-day monthly window represents a res-
olution where spectral-peak-relative alignment yields the greatest benefit. All values
in this section are obtained under random (within-region) cross-validation; the sta-
tistical significance of the peak-relative advantage, and its behavior under spatial
cross-validation, are examined in Section 3.6.

The best peak-relative monthly combination was the single post-peak window M+1
(16-45 days after peak GCVI, R? = 0.30). The best calendar monthly window was
June (R? = 0.23), which corresponds approximately to the grain-filling period in most
fields. The best calendar biweekly combination spanned late April through mid-May
(Apr2 to May?2, R? = 0.22), covering a similar phenological phase.

The complete cross-validated R? landscape across all tested contiguous combina-
tions, separately for each of the six strategies, is provided in Figure S4 (Supplementary
Material). This broader screening shows that the strongest predictive signal was
concentrated in relatively narrow temporal windows rather than in broad seasonal
aggregations.

3.3 Temporal Concentration of the GPC Signal

Single-period analysis under the peak-relative monthly strategy (Figure 4a) showed
that M+1 alone (R? = 0.30, Random Forest) outperformed the peak month (R? =
0.16) and all pre-peak periods. The second-best single period was M—1 (R? = 0.17),
ahead of the peak month (R? = 0.16) and M—5 (R? = 0.151). Under calendar
normalization, the best single month was June (R? = 0.23).

Broader temporal aggregations did not exceed M+1 in this dataset: the full 13-
period peak-relative stack (M—9 to M+3; 1,981 features) yielded R? = 0.23 4 0.065
(Random Forest) versus 0.30+0.05 for M+1 alone (217 features). We caution, however,
that this specific comparison is asymmetric (M+1 is the maximum of a search over
many contiguous window combinations evaluated on the same folds, whereas the full
stack is a single unselected configuration), and that window width is confounded with
feature dimensionality. We therefore do not claim that M+1 outperforms any broader
aggregation. Two controls bound this concern. First, a dimension-matched control
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(b) Effect of widening the observation window around M+1
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Fig. 4 Temporal sensitivity analysis for the peak-relative monthly strategy. All values represent the
mean R? across the five outer folds of the nested cross-validation; error bars indicate 41 standard
deviation across folds. (a) Single-period predictive power: each point shows the R? obtained when
using a single 30-day monthly window in isolation as input to the model. The post-peak window M1
(16-45 days after maximum canopy greenness) achieves the highest R? (= 0.30, Random Forest),
substantially outperforming both the peak month itself (R? = 0.16) and all earlier or later individual
windows. (b) Expanding window around the best single window (M+1): each point shows the R?
obtained when M+1 is combined with one or more adjacent windows. Moving left from the center
corresponds to adding preceding windows (Peak, then M—1); moving right corresponds to adding
subsequent windows (M+2, then M+3). In this dataset, the single 30-day post-peak window M+1
alone (center, R? = 0.30, Random Forest) was not exceeded by the broader combinations tested.
Because this panel is a search maximum evaluated on the same folds and window width is confounded
with feature dimensionality, we do not interpret it as evidence that M+1 outperforms any broader
aggregation (Section 3.6); panel (a), an equal-dimensionality single-window comparison, is the basis
for the temporal-concentration finding.
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Table 2 Complete cross-validated GPC prediction performance for all 18 temporal strategy—model
combinations (6 strategies x 3 models). Values are mean + standard deviation across five outer
folds. The best result per metric is shown in bold. Results are sorted by temporal normalization
(peak-relative, then calendar) and resolution (monthly, biweekly, growth stages).

Norm. Resol. Model Best Window R? RMSE (%) RRMSE (%) cccC KGE
RF Post-peak (M+1) 0.30 + 0.05 1.11 + 0.08 9.16 + 0.62 0.46 = 0.04 0.36 £ 0.05
© Monthly XGBoost  Post-peak (M+1) 0.27 £0.04 1.15+0.11 9.43 £ 0.87 0.47 + 0.04 0.39 + 0.05
.E LightGBM Post-peak (M+1) 0.25 +£0.05 1.16 &+ 0.09 9.54 £ 0.74 0.42 £ 0.03 0.33 £ 0.04
% RF 0-75 days post-peak 022+ 011 118 +0.05 9.67 £040 0.40 = 0.07 0.31 £ 0.06
E Biweekly XGBoost  0-75 days post-peak 0.19 £ 0.12  1.20 £+ 0.07 9.85 £ 0.54 0.40 £ 0.11 0.32 £ 0.12
F LightGBM 0-75 days post-peak 017 £0.12 121 +£0.06 9.98+0.53 0.36 +0.10 0.27 £ 0.10
~ RF Peak —120 to +15 days 0.19 £ 0.09 1.20 £0.07 9.86 £ 0.63  0.39 £ 0.06 0.30 £+ 0.06
Growth stages XGBoost  Peak —120 to +15 days 0.10 £ 0.10 1.26 £ 0.06 10.39 = 0.54 0.35 £ 0.03  0.29 + 0.06
Light GBM Peak —120 to +15 days 0.14 £ 0.14 1.23 £ 0.07 10.14 £ 0.59  0.36 £ 0.07 0.28 £ 0.05
RF Jun 023 +0.15 1.16 £0.09 9.59 £0.75 0.42+0.09 0.33 £ 0.07
Monthly XGBoost  Jun 0.20 £0.17 1.18 £0.08 9.73 £0.69  0.43 £ 0.09 0.35 £+ 0.06
= LightGBM Jun 0.16 +£ 0.16  1.21 £ 0.06 9.99 £+ 0.47 0.36 = 0.09 0.26 £+ 0.07
g RF Apr2-May?2 0.22 £0.11 1.17 £ 0.02 9.64 £ 0.15 0.39 £0.08 0.29 £+ 0.07
< Biweekly XGBoost  Apr2-May2 0.20 +£0.13 1.19+£0.02 9.78 £0.19  0.41 +0.07 0.33 = 0.05
&) LightGBM Apr2-May2 025+ 0.09 1.15+0.05 946 £045 045+ 0.07 0.36 £ 0.07
RF Jan—Jun 024 +£0.15 1.16 £0.07 9.53 +£0.59 0.43 +£0.10 0.34 £ 0.07
Growth stages XGBoost  Jan-Jun 0.19 £0.13 1.19 £ 0.05 9.81 £+ 0.43 0.45 £ 0.08 0.38 £ 0.07
LightGBM Jan—Jun 017 +£0.19 120+ 0.09 991 +0.66 041+ 0.10 0.33 +0.08

shows the effect is not merely dimensional: a random 217-feature subset of the full
stack reached only R? = 0.14, far below M+1’s 0.28 at the same dimensionality, so
M+1’s advantage reflects signal concentration rather than feature count. Second, when
the window is selected inside each outer fold (training data only), M+1 is chosen in
4 of 5 folds and the honestly-nested performance is R? = 0.24 (versus 0.28 for the
fixed M+1), indicating a modest optimistic bias but a stable, reproducible choice of
the post-peak window.

3.4 Model Performance

Under the optimal configuration (peak-relative monthly, M+1), Random Forest
achieved the highest R? (0.30 £ 0.05), followed by XGBoost (R? = 0.27 + 0.04) and
LightGBM (R? = 0.25 + 0.05). XGBoost attained the highest CCC (0.47 £ 0.04)
and KGE (0.39 £ 0.05). All three models produced near-zero mean bias error (MBE
<10.033|%).

Concatenated out-of-fold predictions from the Random Forest model (n = 228;
Figure 5a) yielded R? = 0.31,! CCC = 0.48, RMSE = 1.11%, and MBE = —0.03%.
The RRMSE was 9.2%.

To assess operational relevance for executing early-season quality segregation and
marketing decisions, predictions were discretized into three industry-aligned quality
classes, Low (<11.4%), Mid (11.4-12.8%), and High (>12.8%), yielding classification

1 Three R? conventions appear in this paper, all computed on the same data and differing only in aggrega-
tion and model selection, not in underlying performance: the per-fold mean (0.3040.05, Table 2); the pooled
out-of-fold R? (0.31, this section), which pools all 228 predictions into a single regression and is marginally
higher because it retains between-fold variance in the observed mean; and the pooled R? of the pre-specified
pipeline used for the spatial analyses (0.28, Section 3.6), which fixes the M+1 window and a single Random
Forest in advance rather than selecting the best of three models. The secondary analyses (near-real-time,
ms-anchor, and retrospective control) re-run this pre-specified pipeline on marginally different inputs and
therefore report values within a few hundredths of the headline figures (spatial M+1 R? between 0.13 and
0.15; random between 0.28 and 0.30); these small differences reflect the specific configuration, not changes
in performance.
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accuracies of 47-49% versus a 33% random baseline (Figure 5b). Misclassifications
were concentrated between adjacent classes, with few Low—High confusions.

3.5 Feature Importance

Boruta selected 10-14 features per fold from ~200 candidates (after unsupervised
pre-screening), achieving >95% dimensionality reduction. SHAP analysis of the best-
performing model (Random Forest, M+1) identified predictors from four domains
(Figure 6):

Soil properties. Topsoil organic matter content was the most influential predictor
(mean [SHAP| = 0.16). Subsoil saturated hydraulic conductivity (Kg,t) also appeared
among the top features.

SWIR-based spectral indices. NBR2 temporal standard deviation (]SHAP| = 0.15)
and mean MIRBI (|]SHAP| = 0.15) during M+1 ranked second and third.

Red-edge indices. MTCI, CVI, and S2REP variability during M+1 contributed to
predictions.

Meteorological and topographic features. Maximum air temperature and dewpoint
during grain filling appeared among the top 15 predictors. Minimum field elevation
was the most consistently selected feature across folds (5/5).

The four most stable features across cross-validation folds, NBR2_std,
MIRBI_mean, minimum elevation, and GVI 10th percentile (each selected in 4-5 of 5
folds; Table S5), spanned three of the four predictor domains.

(a) (b)

16 R2=0.309
cce = 0.458
154 RMSE = 1.115%
MBE = -0.033% <144 21
n=228

Random Forest LightGBM XGBoost
Acc = 48.2% Acc = 48.2% Acc =49.1%

14-1284 8

Observed

124

Predicted Protein (%)

+RMSE (1.11%)
94 — 11line

. . . . <14 14128 >128 <14 14128 >128 <11, 14-128  >128
10 12 14 16 Predicted Predicted Predicted
Observed Protein (%)

Fig. 5 Model evaluation under the optimal configuration (peak-relative monthly, M+1). (a) Pre-
dicted versus observed GPC for the Random Forest model (concatenated out-of-fold predictions,
n = 228). The shaded band indicates ZRMSE around the 1:1 line. (b) Confusion matrices for three-
class quality discretization (Low <11.4%, Mid 11.4-12.8%, High >12.8%) for all three models.

3.6 Spatial generalization, feature contributions, and
robustness

The performance reported above reflects within-region interpolation under random
cross-validation. When the outer split was grouped by county so that entire coun-
ties were held out, predictive skill dropped sharply (Figure 7a): the M+1 model fell
from a pooled R? of 0.28 under random cross-validation to 0.13 under spatial cross-
validation, and the best calendar strategy from 0.20 to 0.08. Leave-one-county-out
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Fig. 6 SHAP beeswarm plot for the Random Forest model under the optimal temporal configuration
(M+1). Each dot represents one field; horizontal position indicates the SHAP value (impact on
prediction); color encodes the SHAP value magnitude and direction (red = positive, blue = negative).
The 15 most important features are shown, ranked by mean absolute SHAP value.

validation agreed with the spatial k-fold estimate but revealed the underlying insta-
bility directly: the median per-county R? was —0.23, with 8 of 12 evaluable counties
negative (Figure 7b; counties with at least three fields were evaluated, and the remain-
ing 7 of the 19 counties, each with only one or two fields, were too small for a per-county
estimate). For a previously unseen county, the model therefore has essentially no
predictive skill.

Feature-group ablations on identical folds probed the source of the residual trans-
ferable signal (Figure 8). Under spatial cross-validation, Sentinel-2 spectral features
alone had negligible skill (R? = 0.01), and meteorological features alone were slightly
negative (R? ~ —0.09 under both random and spatial cross-validation), indicating
that the coarse, field-level weather aggregates carry no independent GPC signal and
act as noise out-of-sample; with all static context removed (spectral and meteorologi-
cal features only), performance was R% = 0.03. The static features were not sufficient
on their own either: soil and topography alone reached only R? = 0.03 (0.04 with
absolute elevation excluded), essentially the same as removing them. The modest
residual cross-county skill (full model R? = 0.13) therefore arose from the combina-
tion of the spectral signal with the static soil and topographic context, rather than
from either block alone. Removing the topographic features (absolute elevation and
slope) did not reduce spatial performance (pooled R? 0.13 with all features versus 0.16
without; the per-field error difference was not significant, paired Wilcoxon two-sided
p = 0.057), indicating that absolute elevation contributed no genuine transferable skill.
A dimension-matched control confirmed that the M+1 advantage is not an artifact of
feature count: a random 217-feature subset of the full stack reached only R? = 0.14,
far below the 0.28 obtained by the targeted M+1 set at the same dimensionality. As
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967 reference points, a mean predictor gives R? ~ 0 by construction, and a transparent
968 linear baseline (ElasticNet) was substantially weaker than the tree ensembles on the
969 M-+1 set (R? = 0.13 random, 0.02 spatial), so the reported skill is not an artifact of
970 model flexibility either.

971 The advantage of the best spectral-peak-relative window over the best calendar
972 window, although consistent in direction, was not statistically significant. For the
973 equal-dimensionality M+1 versus June comparison, the paired bootstrap on the R?
974 difference gave AR? = +0.088 (95% CI [—0.035,+0.218], p = 0.079) under random
975 cross-validation and 40.054 (p = 0.198) under spatial cross-validation. When the
976 window was re-selected inside each outer fold, however, M+1 was chosen in 4 of 5
977 folds, and the selection-unbiased performance (R? = 0.24) was close to the fixed-M+1
978 wvalue (0.28), indicating that the post-peak window is a stable, reproducible choice
979 rather than a chance search maximum.

980 Under a near-real-time protocol, the field-specific peak became reliably estimable
981 (mean absolute error < 7 days) only around 1 June (Supplementary Figure Sba),
982 which nonetheless precedes the close of the M+1 window (~11 June); the binding
983 constraint is thus the window rather than the detection delay. Rebuilding the M+1
984 features from the online (1 June) peak retained most of the within-region skill (random
985 R2? 0.30 — 0.22; spatial 0.15 — 0.07; Supplementary Figure S5b), indicating that a
986 near-real-time application a few weeks before harvest is feasible at a modest accuracy
987 cost, whereas spatial transfer does not survive. Field-specific harvest dates were not
988 available for these commercial fields, so lead time is expressed relative to the regional
989 hard red winter wheat harvest (late June-July) rather than to each field’s own harvest
990 date.

991 Finally, the greenness peak was a defensible, if imperfect, alignment anchor. The
992 peak-to-senescence offset (mjs minus peak) averaged 26 days (SD 11), with 88% of
993 fields senescing within the M+1 window (Supplementary Figure S6a); the offset covar-
994 ied with grain-filling temperature (r = —0.33, Supplementary Figure S6b) but not
995 with terminal water deficit (r = —0.08, p = 0.25) or with GPC (r = 0.09, p = 0.16),
996 so the residual misalignment is not correlated with the target and does not induce
997 a structural bias. Cultivar identity was not available for these commercial fields, so
998 covariation of the offset with cultivar maturity class could not be tested directly.
999 Re-anchoring the alignment on the senescence inflection ms at a matched window
1000 did not improve prediction (random R? 0.29 for the peak versus 0.18 for ms; spa-
1001 tial 0.12 versus —0.02), consistent with the greenness peak being estimated more
1002 stably than the inflection parameter. We also examined whether the peak marks
1003 a consistent thermal time. Expressed in common units, the field-to-field spread of
1004 peak timing was comparable whether measured as a calendar date (standard devi-
1005 ation 9.3 days) or as thermal time (growing degree-day accumulation to the peak,
1006 standard deviation 153 °C day, equivalent to ~9 days at the local accumulation rate
1007 of ~17°Cday~!). Thermal-time anchoring would therefore not tighten peak timing
1008 relative to the calendar; absent independent phenological observations, we describe
1009 the anchor as spectral-peak-relative rather than claiming it coincides with a specific
1010 developmental stage.

1011
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Fig. 7 Spatial generalization of GPC prediction. (a) Pooled R? (Random Forest) under random
versus leave-county spatial cross-validation, for the peak-relative and calendar strategies. (b) Distri-
bution of per-county R? for the M+1 model under leave-one-county-out validation; the model has
near-zero or negative skill for a typical held-out county (two small counties fall off-scale).
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Fig. 8 Feature-group ablation on the M+1 window (Random Forest), under random and spa-
tial cross-validation. Sentinel-2 spectral features alone have negligible spatial skill, and the static
soil/topographic features alone are also insufficient; the modest residual cross-county skill arises only
from their combination.

4 Discussion

This study provides a novel systematic comparison of crop phenology- and calendar-
based temporal windows using remotely sensed satellite data to build predictive models
of wheat grain protein concentration. Analogous benefits of a crop phenology approach
have been documented for yield prediction in maize and soybean (Bolton and Friedl,
2013; Sakamoto et al, 2014; Zeng et al, 2020) but they have not yet been demon-
strated for grain quality traits (except for soybean, Hernandez et al, 2023), which
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1059 are governed by fundamentally different physiological processes (Gooding et al, 2003;
1060 Martre et al, 2003). Our predictive accuracy is comparable to that of a methodologi-
1061 cally similar study using multispectral data derived from UAV (Wolters et al, 2022),
1062 and considerably lower than multi-year regional models (Tan et al, 2020; Xu et al,
1063 2024, 2020). Our single-season approach captures within-season field-level variabil-
1064 ity rather than the inter-annual signal exploited by multi-year models (Lobell and
1065 Ortiz-Monasterio, 2006), representing a fundamentally different prediction scope. The
1066 physics-based approach of (Longmire et al, 2023), which leveraged harvester-mounted
1067 protein measurements at an entirely different scale, represents a different framework.
1068 Despite the moderate continuous accuracy, the models distinguished low- from
1069 high-protein fields within region (Figure 5), suggesting potential utility for early-
1070 season quality segregation in grain elevators and for marketing decisions (Diacono
1071 et al, 2013), subject to the important caveat that this skill does not transfer across
1072 counties (Section 3.6). Under a near-real-time protocol the field-specific peak becomes
1073 reliable only a few weeks before harvest, and prediction accuracy declines modestly
1074 when the online rather than the retrospective peak is used (Section 3.6); we therefore
1075 present the approach as having near-real-time potential rather than as a demonstrated
1076 operational forecast.

1077 A key limitation is that field-level management variables (nitrogen rate and tim-
1078 ing, cultivar, planting date, and irrigation) were not available for these commercial
1079 fields. The unexplained prediction variance therefore cannot be decomposed, and in
1080 particular cannot be attributed to management effects on the basis of the present
1081 satellite-only data. Obtaining such records is a priority for future work.

1082 The temporal-resolution dependence of our models, adjusted by crop phenology,
1083 helps establish a practical guideline for designing future GPC monitoring frameworks.
1084 Importantly, spectral-peak-relative alignment may be especially valuable for remotely
1085 sensed crop traits that are not season-integrative but instead emerge within narrow
1086 developmental windows. Consistently, (Wolters et al, 2022) and (Graf et al, 2023)
1087 support the integration of crop phenology as priors for relevant crop trait characteri-
1088 zation derived from satellite data. In such cases, calendar compositing can dilute the
1089 relevant signal by mixing observations from non-equivalent growth stages across fields
1090 (Wang et al, 2025). Within region and under random cross-validation, two observations
1091 support this view (Figure 4). First, a narrow post-peak window performed at least
1092 as well as broader seasonal aggregations; we interpret the window-width comparison
1093 cautiously, as it is confounded with feature dimensionality, but a dimension-matched
1094 control indicates the effect reflects signal concentration rather than feature count
1095 (Section 3.6). Second, aligning the window to each field’s greenness peak rather than
1096 to fixed calendar dates gave a modest gain over the best calendar-monthly equivalent,
1097 although this advantage was not statistically significant. This non-significance is itself
1098 interpretable: field-to-field phenological dispersion in this single-region, single-season
1099 dataset was small (peak-date standard deviation of only 9.3 days), so the calendar
1100 and peak-relative windows target largely the same physiological period, with the post-
1101 peak M+1 window (approximately DOY 132-161 for the average field) overlapping
1102 the best calendar month, June. Where phenology is this synchronous, alignment has
1103 little room to outperform a fixed calendar. We therefore read the small, non-significant
1104
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AR? not as a failure of alignment but as a testable prediction: spectral-peak-relative
alignment should confer a larger advantage where phenological spread is greater, such
as across wider latitudinal or management gradients, multiple sowing dates, or multi-
ple seasons, in which calendar compositing mixes more disparate growth stages. More
broadly, the benefit of spectral-peak-relative alignment should extend to crop traits
whose spectral signal is concentrated within a limited developmental phase, including
quality traits, stress responses, and post-anthesis physiological processes.

A central qualification concerns spatial transfer. All of the accuracy figures above
are obtained under random (within-region) cross-validation; when entire counties
are held out, predictive skill does not transfer (median per-county R?> = —0.23;
Section 3.6). Ablation shows that neither the Sentinel-2 signal nor the static soil and
topographic features transfer across counties on their own (each reaching R? =~ 0.03
under spatial cross-validation), and that the modest residual transferability of the full
model (R? = 0.13) arises only from their combination. We therefore frame the results
as evidence for within-region interpolation (predicting unsampled fields within a pro-
duction region where the model has seen nearby, environmentally similar fields) rather
than for spatial extrapolation to new regions. This scope is consistent with the single-
season, single-region design and with the modest sample size; establishing transferable,
operational GPC prediction will require multi-region, multi-year data and, in all like-
lihood, field-level management covariates that satellites cannot observe. Framed this
way, the value of the study is a systematic, honestly-validated map of where spectral-
peak-relative alignment helps for a senescence-limited quality trait and where it does
not.

This spectral-timing specificity marks a distinction between GPC modeling and
season-integrative yield prediction. Unlike yield prediction, where performance typi-
cally improves with longer observation windows (Sakamoto et al, 2014; Lobell et al,
2015), within region a single 30-day post-peak window captured as much or more GPC-
relevant information than the broader aggregations tested here (equal-dimensionality
comparison; the broader-window contrast in Figure 4b is a search maximum and is not
over-interpreted). This divergence is physiologically coherent: yield integrates biomass
accumulation, whereas GPC is governed by canopy nitrogen status and nitrogen remo-
bilization from senescing vegetative tissues during grain filling (Gooding et al, 2003;
Masclaux-Daubresse et al, 2008; Kichey et al, 2007). The spectral signatures most sen-
sitive to this process, such as SWIR reflectance, which is linked to canopy water and
dry matter fraction (Gao, 1996), and red-edge shifts, linked to chlorophyll loss (Clevers
and Gitelson, 2013; Frampton et al, 2013), are concentrated precisely in this narrow
post-peak window. Including earlier phenological stages likely diluted the signal with
information unrelated to nitrogen partitioning (Zhu et al, 2026). The secondary pre-
dictive contribution from the late booting—heading phase likely reflects a snapshot
of pre-anthesis nitrogen status that constrains the total nitrogen pool available for
subsequent grain filling (Kichey et al, 2007).

The SWIR-based indices ranked above traditional red-edge indicators. Connected
to these indices, NBR2, combining Sentinel-2’s 1610 and 2190 nm bands, is sensitive
to the cellulose-to-water ratio that increases during senescence (Gao, 1996; Serrano
et al, 2002), while the temporal variability of this index during the post-peak window
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1151 captures the rate of canopy desiccation linked to nitrogen remobilization (Gooding
1152 et al, 2003). Red-edge indices (MTCI, CVI, S2REP) provided complementary infor-
1153 mation on chlorophyll dynamics. These results highlight the underexploited potential
1154 of Sentinel-2’s SWIR bands for grain quality estimation (Clevers and Gitelson, 2013;
1155 Zhao et al, 2019; Perich et al, 2021; Bossung et al, 2022; Pancorbo et al, 2023; Jung
1156 et al, 2026). Regarding meteorological variables, the maximum air temperature dur-
1157 ing grain filling appeared among the top predictors. Although terminal heat stress is
1158 known to accelerate senescence and concentrate grain nitrogen (Stone and Nicolas,
1159 1994; Asseng et al, 2019; Shi et al, 2024; Spiertz et al, 2006; Viswanathan and Khanna-
1160 Chopra, 2001), we note that in our data grain-filling maximum temperature was not
1161 positively associated with GPC at the field level (weak, marginally negative bivari-
1162 ate correlation), so this predictor should be interpreted as an environmental covariate
1163 rather than as evidence of a heat-driven protein increase in this dataset. Among the
1164 static predictors, topsoil organic matter was the most influential. This factor likely
1165 functions as an integrator of a broader suite of correlated field characteristics, such
1166 as greater water retention capacity, and more intensive management histories, rather
1167 than acting as a direct causal driver of GPC variability (Raun and Johnson, 1999).
1168 Finally, minimum field elevation was selected as an important feature across all cross-
1169 validation folds, as also reported by (Tilse et al, 2025), likely acting as a proxy for
1170 landscape position and local moisture redistribution (Kravchenko and Bullock, 2000;
1171 Kumhalova et al, 2011). At this inter-field scale, absolute elevation does not represent
1172 local micro-topography but rather acts as a spatial proxy for the macro-climatic gra-
1173 dient. In western Kansas, the east-to-west increase in elevation is tightly correlated
1174 with increasing regional aridity, allowing the model to capture broad geographic shifts
1175 in baseline productivity and environmental stress. Crucially, this proxy operates as
1176 a quasi-identifier of location: it aids prediction under random cross-validation, where
1177 environmentally similar neighboring fields appear in both the training and test folds,
1178 but it cannot transfer to entirely unseen counties. This is consistent with the ablation
1179 in Section 3.6, in which removing absolute elevation did not reduce spatial perfor-
1180 mance, and it clarifies that elevation supports within-region interpolation rather than
1181 spatial generalization.

1182 A few limitations can be identified with potential for future research: (i) the single-
1183 region design limits generalizability; (ii) the modest sample size, rigorously handled
1184 through nested cross-validation (Varma and Simon, 2006; Vabalas et al, 2019), inher-
1185 ently limits the model complexity and may inflate performance metrics; and (iii) the
1186 absence of detailed field-level management data, i.e., the timing of N fertilization and
1187 specific cultivar information (e.g., growth cycle and protein target), all limit the pre-
1188 dictive accuracy. Future consideration of other satellite sources such as the Sentinel-2
1189 Next Generation (S2NG) mission, which has additional shortwave infrared (SWIR)
1190 bands and improved spatial resolution, could further exploit the grain-filling window
1191 identified here. Lastly, exploring other sensor sources (e.g., HLS) and fusion with Land-
1192 sat thermal infrared bands could provide direct canopy temperature estimates linked
1193 to nitrogen dynamics during grain filling (Asseng et al, 2019).
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5 Conclusions

This study systematically evaluated six temporal strategies, defined by the factorial
combination of two normalization approaches (spectral-peak-relative vs. calendar) and
three temporal resolutions (monthly, biweekly, growth stages), for Sentinel-2-based
prediction of grain protein concentration in 228 commercial winter wheat fields across
western Kansas. The main conclusions are: (i) within region, a single 30-day post-
peak window was the top-performing and most consistently selected temporal window,
reproducing prior accuracy (R? ~ 0.28 under random cross-validation), although its
advantage over the best calendar window was suggestive rather than statistically
significant, in part because the region’s synchronous phenology (peak-date standard
deviation of 9.3 days) leaves little separation between calendar and peak-relative win-
dows, so the benefit of alignment is expected to grow with phenological dispersion;
(ii) consistent with the senescence-driven physiology of GPC, and in contrast to the
season-integrating behavior of yield, the predictive signal was temporally concentrated
in the early grain-filling window rather than spread across the season; (iii) under
leave-county spatial cross-validation, predictive skill did not transfer to unseen coun-
ties (the Sentinel-2 signal alone had negligible spatial skill), so the results support
within-region interpolation rather than spatial extrapolation, with the modest resid-
ual transferability arising from the combination of spectral and static soil/topographic
features rather than from either block alone; and (iv) a near-real-time application a
few weeks before harvest retained most within-region skill at a modest accuracy cost,
indicating potential rather than demonstrated utility for early grain segregation.

Rather than a new or generally transferable method, the contribution is a sys-
tematic, honestly-validated assessment of where phenological (spectral-peak-relative)
alignment helps for a senescence-limited quality trait and where it does not. Future
work should prioritize multi-region and multi-year data to test spatial and temporal
transfer, larger samples to resolve the modest peak-relative advantage statistically,
and integration of field-level management records (nitrogen, cultivar, planting date,
irrigation) that the present satellite-only design cannot capture.
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Supplementary Material
This document provides supplementary tables and figures referenced in the main text.
Table S1 Complete list of the 31 distinct spectral vegetation indices (NDWI and LSWI share the
NIR/SWIR1 formulation and are listed once) computed from Sentinel-2 surface reflectance bands.
Here MSI denotes the Moisture Stress Index, distinct from the Sentinel-2 Multi-Spectral Instrument
listed in the Nomenclature. Band abbreviations: B2 (blue, 490 nm), B3 (green, 560 nm), B4 (red,
665 nm), B5 (red-edge 1, 705 nm), B6 (red-edge 2, 740 nm), B7 (red-edge 3, 783 nm), B8 (NIR,
842 nm), B8A (narrow NIR, 865 nm), B11 (SWIR-1, 1610 nm), B12 (SWIR-2, 2190 nm).
Index Formula Reference
Canopy Greenness
NDVI (B8 —B4)/(B8 + B4) Rouse et al., 1974
EVI2 2.5x (B8 —B4)/(B8+2.4 xB4+1) Jiang et al., 2008
GNDVI (B8 —B3)/(B8 + B3) Gitelson et al., 1996
GCVI B8/B3—1 Gitelson et al., 2003
SAVI 1.5 x (BS — B4)/(B8 + B4 + 0.5) Huete, 1988
OSAVI 1.16 x (B8 — B1)/(B8 + B4 + 0.16) Rondeaux et al., 1996
ExG (2B3 — B4 — B2)/(B2 + B3 + B4) Woebbecke et al., 1995
PVI (B8 — 0.355 x B4 — 0.149) /1.061 Richardson & Wiegand, 1977
Chlorophyll / Red-Edge
NDRE (B8A — B5)/(B8A + B5) Gitelson & Merzlyak, 1994
NDRE2 (B7 — B5)/(B7 + B5) Barnes et al., 2000
Clre B8A/B5—1 Gitelson et al., 2003
IRECI (B7 — B4)/(B5/B6) Frampton et al., 2013
MTCI (B6 — B5)/(B5 — B4) Dash & Curran, 2004
S2REP 705 + 35 x BHBD/2-B5 Frampton et al., 2013
RE_ratio B7/B5 _
CCC1 % Barnes et al., 2000
CVI B8 x ]34/B32 Vincini et al., 2008
TCARI 3[(B5 — B4) — 0.2(B5 — B3)(B5/B4)] Haboudane et al., 2002
mARI (1/B3 —1/B5) x B8 Gitelson et al., 2001
PSRI (B4 —B2)/B6 Merzlyak et al., 1999
DGCI [1-(B3—-B4)/(B3+ B4+ B2)]/3 Karcher & Richardson, 2003
Water / SWIR
NDWI / LSWI (B8 — B11)/(B8 + B11) Gao, 1996; Xiao et al., 2004
MSI B11/B8 Hunt & Rock, 1989
MNDWI (B3 — B11)/(B3 + B11) Xu, 2006
NBR (B8 — B12)/(B8 + B12) Key & Benson, 2006
NBR2 (B11 — B12)/(B11 + B12) Key & Benson, 2006
SMMI (B8SA — B11)/(BSA + B11) Xiao et al., 2004
MIRBI 10 x B12-9.8 x B11+2 Trigg & Flasse, 2001
NDSWIR1RedEdgel  (B5 — B11)/(B5 + B11) —
Other
GVI —0.2848B3 — 0.2435B4 + 0.5436B8 + 0.7243B11 + 0.0840B12 Kauth & Thomas, 1976
DBSI BHF5Es — NDVI Rasul et al., 2018
Table S2: Soil properties extracted from the gSSURGO database.
Properties were aggregated at two depth intervals: topsoil (0
30 cm) and subsoil (30-100 cm). Additional derived variables are
indicated with an asterisk (*).
Variable Depth Unit Description
Clay Top / Sub % Clay content
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Table S2 continued

Variable Depth Unit Description

Sand Top / Sub % Sand content

Silt Top / Sub % Silt content

Clay ratio* Profile — Subsoil clay / topsoil clay ratio

OM Top / Sub % Organic matter content

OM depth decay*  Profile — Subsoil OM / topsoil OM ratio

BD Top / Sub gcm™3 Bulk density

CEC Top / Sub  cmol. kg=! Cation exchange capacity

Kot (logio) Top / Sub  pm s~1 Saturated hydraulic conductivity

AWC (volumetric) Top / Sub cm?3 cm™ Available water capacity (volumet-
ric)

AWC (mm) Top / Sub  mm Available water capacity per depth
interval

AWC total* Profile mm Total profile available water capac-
ity

PAW total* Profile mm Plant-available water
(Saxton-Rawls)

SR SAT Top / Sub  cm?® em™ Saturation water content (Saxton—
Rawls)

SR DUL Top / Sub  cm?® cm™ Drained upper limit (field capac-
ity)

SR LL15 Top / Sub  cm?® em™ Lower limit at 15 bar (wilting
point)

SR Kgat Top / Sub  mm hr—? Saturated hydraulic conductivity
(Saxton-Rawls)

SR AWC Top / Sub  mm Available water capacity (Saxton—
Rawls)

Irrigated Field binary Irrigation status (LANID dataset)
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Table S3 Hyperparameter search spaces for the inner cross-validation (5-fold x 3 repeats).

Because every grid exceeded 15 combinations, randomized search sampling 15 configurations per
model per outer fold was used for all three models; the values below are the full grid sizes (search

space), of which 15 were evaluated per fold.

Model Hyperparameter Search space
n_estimators {100, 200, 400, 500}
max_depth {5, 10, 15, 20, None}
Random Forest min_samples_leaf {1, 2, 4}
max_features {v/P, loga p, 0.5p}
Grid size: 4 x 5 x 3 x 3 =180
n_estimators {100, 300, 500, 600}
learning rate {0.01, 0.03, 0.05, 0.1}
max_depth {3,4,5,6, 7,8, 10}
XGBoost subsample {0.7, 0.8, 0.9}
colsample bytree  {0.7, 0.8, 1.0}
min_child weight {1, 3, 5}
Grid size: 4 x4 x Tx 3 x 3 x 3=09,072
n_estimators {100, 300, 500, 600}
learning rate {0.01, 0.03, 0.05, 0.1}
. max_depth {5, 10, 15, 20, —1}
LightGBM num_leaves {31, 63, 127}
subsample {0.7, 0.8, 0.9}
colsample bytree  {0.7, 0.8, 1.0}
Grid size: 4 X 4 x5 x 3 x 3 X 3=16,480
Table S4 Definitions of evaluation metrics used in this study. In all formulas, y; and g;
denote observed and predicted GPC for sample 4, § and ¢ their respective means, oy and oy
their standard deviations, and n the number of samples.
Metric Formula Optimal value
6.2
R? 1— Z:(yziyf)z 1 (higher is better)
>y —17)
1
RMSE W= S (yi — §:)? 0 (lower is better)
n
RRMSE RMSE /g x 100 0% (lower is better)
1 N .
MBE —>(9i — vi) 0 (unbiased)
n
2royoy
CcCce -y 1 (higher is bett
UZ—&-U%—&-(Q—Q)Q (higher is better)
oy 2 7 2
KGE 1—4/(r—1)2+ (—y - 1) + (j - 1) 1 (higher is better)
oy ]
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Distribution of Grain Protein Concentration (n=228)

Mean 12.1%

Mean: 12.14%
Std: 1.34%
Range: 8.9 - 16.1%

30

0_--I

Fig. S1 Distribution of GPC across the 228 validated winter wheat fields. The dashed red line
indicates the mean (12.14%). GPC ranged from 8.9% to 16.1% with a standard deviation of 1.34%.
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Double Logistic Fit Quality (n=228)

(a) Fit RB? Distribution (b) Peak DOY vs Fit RB*

TR :

g
* 09 ‘ ‘.
: .
. . ,_ o . 0p °
.
.
T o8 - +
20
0.7
II '
.
o g

0.7 0.8 100 120 140

Count
5
Fit RB*

Fit RB* Peak DOY

Fig. S2 Quality of the double logistic function fitted to the GCVI time series for phenological peak
detection (n = 228 fields after QC filtering). (a) Distribution of fit R? values (median = 0.97). (b) Fit
R? as a function of estimated peak day of year (DOY). Fields with R? < 0.50 were excluded during
quality control (12 fields removed, 5% of initial 240).

Best CCC per Temporal Strategy (best combo, 3 models) Best KGE per Temporal Strategy (best combo, 3 models)
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Fig. S3 Concordance correlation coefficient (CCC; left) and Kling—Gupta efficiency (KGE; right)
heatmaps for the best-performing model within each temporal strategy. Each cell shows the highest
metric value among Random Forest, XGBoost, and Light GBM for the corresponding normalization—
resolution combination. These complement the R? results reported in the main text (Table 2).
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1821 I
1822

1823 Fig. S4 Complete cross-validated R? landscape across all contiguous temporal window combinations

tested for each of the six strategies defined in Section 2.4. Each cell shows the best R? achieved by
1824 any of the three models (Random Forest, XGBoost, Light GBM) when the feature set is restricted to
1825 windows from the row (start) through the column (end). Panels (a—c) correspond to peak-relative
18926 normalization (days from each field’s estimated GCVI peak); panels (d-f) to calendar normalization.

Columns correspond to increasing temporal resolution: growth stages, monthly, and biweekly; for
1827 legibility the monthly and biweekly panels display the central window range (M—7 to M+3 and B—15
1828 to B+5) of the full search defined in Section 2.4. In the peak-relative monthly panel (b), the single
1829 post-peak window M+1 is among the strongest individual cells (R? = 0.30). This landscape is shown
1830 descriptively only: the equal-dimensionality single-window comparison, its paired significance test,

and the nested within-fold window selection are reported in Section 3.6, and we do not interpret it as
1831 evidence that M+1 outperforms broader multi-window aggregation. The calendar panels (e,f) show
1832 a more diffuse pattern with the highest values clustered around the grain-filling period (May—June).
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b GPC accuracy: online vs
a Peak detection reliability by cutoff retrospective peak

mm Retrospective peak

B Online peak (Jun 1
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Fig. S5 Near-real-time evaluation. (a) Online-versus-retrospective peak error as a function of the
forecast cut-off date; the peak becomes reliable (< 7 days) before the M+1 window closes (~11
June). (b) GPC prediction accuracy (M+1, Random Forest) using the online (1 June) versus the
retrospective peak, under random and spatial cross-validation.

a Offset distribution (88% within M+1) b Offset shortens with heat (r=—0.33)
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Fig. S6 Peak-to-senescence offset. (a) Distribution of the offset (ms minus peak, in days); 88% of
fields senesce within the M+1 window (shaded). (b) The offset shortens with grain-filling maximum
temperature (r = —0.33) but is uncorrelated with GPC.
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Table S5 Top 20 features selected by Boruta across all five outer cross-validation folds under the
optimal configuration (peak-relative monthly, M+1). “Appearances” indicates the number of
fold-window combinations in which the feature was confirmed as relevant (maximum = 15, i.e., 5

folds x 3 top window combinations). “Combinations” indicates the number of the three top window
combinations in which the feature appeared (maximum = 3). Features are ranked by total
appearances.

Feature Category Appearances Combinations Description

elev_min Topographic 15 3 Minimum field elevation
NBR2.std (M+1) Spectral/SWIR 14 3 NBR2 temporal variability
MIRBI_mean (M+1) Spectral/SWIR 14 3 Mean MIRBI during grain filling
CVLstd (M+1) Spectral/RE 13 3 CVI temporal variability
soil_topsoil_om Soil 12 3 Topsoil organic matter content
GVIpl0 (M+1) Spectral/TC 10 3 GVI 10th percentile
NDSWIR1RE1 p90 (M+2) Spectral/SWIR 9 2 NDSWIR1RedEdgel 90th pctl
MSI_p90 (M+2) Spectral/Water 8 2 MSI 90th percentile

S2REP_std (M+1) Spectral/RE 8 3 S2REP temporal variability
soil_sub_ksat Soil 8 3 Subsoil saturated hyd. cond.
MIRBI_p10 (M+2) Spectral/SWIR 7 2 MIRBI 10th percentile

GVI_pl0 (Peak) Spectral/TC 5 1 GVI 10th pctl at peak

GVI_p90 (Peak) Spectral/TC 5 1 GVI 90th pctl at peak
dewpoint_mean (M+1) Meteorological 5 2 Mean dewpoint during grain filling
MIRBI_p10 (M+1) Spectral/SWIR 5 3 MIRBI 10th percentile
NBR2.pl0 (M+2) Spectral/SWIR 4 2 NBR2 10th percentile
t2m_max_mean (M+1) Meteorological 4 1 Mean max temperature
LSWILstd (M+1) Spectral/Water 4 3 LSWI temporal variability
GCVIstd (M+1) Spectral/Green 4 2 GCVI temporal variability
MTCILstd (M+1) Spectral/RE 4 1 MTCI temporal variability
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