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A B S T R A C T

Cover crop adoption in the U.S. has increased over the past decades, increasing the need to quantify their 
performance and environmental benefits. While remote sensing (RS)-based approaches for detecting cover crop 
presence have been developed, there has been limited research on how cover crops with varied biomass and 
management practices influence detectability. Using unique field-level cover crop presence and biomass datasets 
in Maryland, U.S., we investigated how RS-based detectability changes for cover crops with varied aboveground 
biomass, planting, and termination dates. Specifically, we proposed a time-integrated satellite-based greenness 
feature from Harmonized Landsat-8 and Sentinel-2 (HLS) time series from 2017 to 2021 to estimate biomass of 
cover crops and evaluated their detectability using a phenology-based cover crop detection framework. The 
impacts of cover crop planting and termination dates on cover crop biomass were also analyzed. Our results 
demonstrated that Normalized Difference Vegetation Index (NDVI) estimated biomass with higher accuracy 
compared to other vegetation indices, and the time-integrated model estimated biomass with higher accuracy 
than the single-date “snapshot” linear model (R2 from 0.53 to 0.66 and RMSE from 922 kg/ha to 747 kg/ha). 
While the snapshot models were species sensitive, the time-integrated models showed strong robustness across 
different species. Detectability increased with cover crop biomass, as detected cover crops averaged 963.3 ±
719.5 kg/ha compared to 297.2 ± 209.0 kg/ha for non-detected cover crops. Detection accuracy reached 96.1% 
for fields exceeding 500 kg/ha, compared with an overall accuracy of 62.7%. Earlier planting and later termi
nation increased biomass and detectability, with biomass rising by 4.14 kg/ha/day (p < 0.01). This study 
demonstrates how management practices affect cover crop biomass and detectability via satellite time series and 
provides insights that can inform management of cover crops and monitoring of their effects on agroecosystems.

1. Introduction

Cover cropping is a common sustainable agriculture practice in many 
agroecosystems. The agroecological benefits that cover crops provide, 
such as soil conservation (Hu et al., 2023), weed control (Gerhards & 
Schappert, 2020), and climate adaptation (Delgado et al., 2021), are 

closely dictated by the amount of biomass they accumulate in their 
growing season. At low cover crop biomass (< 1000 kg/ha), cover crop 
residues prevent soil erosion (Prabhakara et al., 2015) but may have 
limited effects on physical and nutrient properties of soil in the long term 
(Ruis et al., 2020). Higher cover crop biomass (> 1000 kg/ha) enhances 
soil nitrogen retention (Hively et al., 2025), increases soil organic matter 
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(Blanco-Canqui, 2022), and suppresses weed growth (Mirsky et al., 
2013). However, high cover crop biomass is not always beneficial. For 
instance, several meta-analyses conducted in various contexts demon
strate that high cover crop biomass can decrease cash crop yield by 
competing for water and nutrients with cash crops (Abdalla et al., 2019; 
Lobell et al., 2025; Qin et al., 2021). Identifying cover crop practices and 
quantifying their biomass are essential steps in the evaluation of cover 
crop benefits in agroecosystems.

Satellite remote sensing is frequently used for monitoring crop 
growth. Various studies have implemented vegetation indices (VIs) 
derived from satellite remote sensing images to identify cover crops and 
estimate their biomass with machine learning and regression methods 
(Prabhakara et al., 2015; Chen, 2025; Zhou et al., 2026). However, 
existing studies typically address either site-scale biomass estimation or 
regional-scale cover-crop detection, and many require high-quality 
satellite data. Integrated approaches that simultaneously detect cover 
crops and quantify their biomass for monitoring remain scarce. Current 
detection methods use crop phenology, a factor that can be affected by 
biomass, to differentiate cover crops, cash crops, and weeds (Zhou et al., 
2022; Ahmed et al., 2023). High cover crop biomass produces strong 
vegetation signals that can be confused with cash crops, whereas 
poor-performing cover crops are easily misclassified as weeds (Ahmed 
et al., 2023). Biomass variability remains an understudied yet critical 
factor influencing the accuracy of cover crop detection.

Remote sensing-based models for cover crop biomass estimation are 
typically developed from field data where cover crop presence is already 
known. Bridging the gap between cover crop detection and biomass 
estimation is critical for improving cover crop monitoring and assessing 
their agroecological impacts at large scales. VIs, such as Normalized 
Difference Vegetation Index (NDVI), Near-Infrared Reflectance of 
Vegetation (NIRv), Enhanced Vegetation Index (EVI), and Green Chlo
rophyll Vegetation Index (GCVI), have been used for crop biomass 
estimation (Prabhakara et al., 2015; Servia et al., 2022; Thieme et al., 
2023; Cai et al., 2024; Liu et al., 2023). Modeling crop biomass from 
snapshot VIs is challenging because many indices saturate at high 
biomass, and VIs may have varied performance due to their different 
characteristics. Therefore, evaluation of these indices for cover crop 
biomass estimation is essential to understand how biomass affects cover 
crop detectability and to quantify the benefits of agroecosystems more 
accurately.

Cover crop biomass is influenced by environmental conditions and 
strongly affected by management strategies that further influence its 
remote sensing-based detectability. For example, farmers must decide 
when to plant and terminate their cover crops. A longer growing period 
provides more time for cover crops to accumulate biomass, which leads 
to greater biomass values (Thieme et al., 2023) and may therefore offer 
more ecological benefits (Mirsky et al., 2013). Quantitative analyses 
showed that fall-planted rye (Secale cereale L.) produced 57–74% more 
biomass compared to rye planted only 3–7 weeks later in early winter 
(Ruis et al., 2020), and delaying termination until the day of cash crop 
planting increased biomass by up to 146% compared to termination four 
weeks earlier (Kumar et al., 2025). However, planting cover crops too 
early may increase the risk of winterkill due to freezing temperatures 
(Fowler et al., 2014), and terminating cover crops too late may delay 
cash-crop planting and reduce yields (Lobell et al., 2025). Therefore, 
decisions on planting and termination dates affect both the cover crop 
biomass and its agroecological outcomes. Understanding how manage
ment practices modulate cover crop biomass supports recommendations 
for stakeholders to better manage their cover crops for optimal benefits.

Building on a previously developed cover crop detection approach 
(Zhou et al., 2022), this study aims to investigate how cover crop 
biomass under different management practices affects its detect
ability by satellite remote sensing and to improve methods for cover 
crop management and monitoring. To address the above-mentioned 
scientific gaps, we aim to answer the following questions: (1) How can 
we accurately estimate cover crop biomass for varied cover crop species 

from satellite data? (2) What are the impacts of biomass on satellite- 
based cover crop detection? (3) What are the impacts of cover crop 
management on cover crop biomass? To answer these questions, we first 
evaluated and compared the accuracies of several VIs, including NDVI, 
EVI, NIRv, and GCVI, in both single-date “snapshot” and time-integrated 
forms, for biomass estimation of cereal rye, wheat (Triticum aestivum), 
and triticale (×Triticosecale). Next, using the optimal biomass model, we 
quantified cover crop detection accuracy for different biomass levels 
using our previous detection framework. Finally, we analyzed cover 
crop biomass differences under varied planting and terminating dates to 
understand management impacts on cover crop biomass and 
detectability.

2. Study region and data

2.1. Study region

Our study was conducted in the State of Maryland, U.S. (Fig. 1). The 
Maryland cover crop initiatives aim to reduce erosion and nutrient loss, 
improve soil health, protect the Chesapeake Bay watershed, and support 
carbon sequestration. The state cover crop program offers incentives to 
farmers based on species, planting and termination timing, and seeding 
methods (Maryland Department of Agriculture, 2024). Eligible crops 
include wheat, cereal rye, triticale, barley (Hordeum vulgare), oats 
(Avena sativa), and ryegrass (Lolium); mixture options include brassicas 
such as forage radish (Raphanus sativus) and rape (Brassica napus), as 
well as legumes such as clover (Trifolium spp.) and winter peas (Pisum 
sativum). The program-specified planting dates vary by cover crop spe
cies and seeding methods: cereal grains before November 5th; oats and 
mixes containing legumes and brassicas before October 10th; aerial 
seeding before October 1st. The program also mandates termination 
dates between March 1st and June 1st.

2.2. Data

We utilized four major dataset categories in this study, including 
cover crop ground truth data (location and biomass), satellite time series 
data, environmental data, and auxiliary data (Supplementary Table 1).

For biomass modeling, we used in situ winter cover crop biomass 
data collected by the U.S. Geological Survey (USGS) and U.S. Depart
ment of Agriculture (USDA)-Agriculture Research Service (ARS) 
(Jennewein et al., 2022). A total of 327 biomass samples were collected 
from fields at the USDA-ARS Beltsville Agricultural Research Center 
(BARC), Beltsville, Maryland, USA (Fig. 1) during November–April for 
2019–2021. The BARC data include biomass data from commonly 
planted cereal species, such as wheat, cereal rye, and triticale. The 
centroids (n = 16,635) of a subset (15%) of cover crop fields enrolled in 
the Maryland Department of Agriculture (MDA) cover crop program 
from 2017–2018 to 2020–2021 were used to validate our cover crop 
detection accuracy, along with a similar 15% subset of fields (n =
18,551) not enrolled in cover crop cost-share for each year. County-level 
cover crop acreages from the USDA National Agricultural Statistics 
Service (NASS) Quick Stats (USDA NASS 2017-2022) for the years 2017 
and 2022 were used to constrain the detection framework.

We used the NASA Harmonized Landsat Sentinel-2 (HLS) (version 2) 
data covering Maryland from 2017 to 2024 to detect cover crop 
phenology. HLS combines the Landsat 8 and Sentinel-2 data, providing 
consistent surface reflectance products at 30-m and ~3-day resolutions 
(Claverie et al., 2018). The high-quality HLS time series were used to 
identify cover crop fields, estimate cover crop planting date and termi
nation date, and model cover crop biomass. The HLS QA band was used 
to remove contaminated pixels such as clouds, cloud shadows, snow, or 
water.

The environmental data included 10-m gSSURGO (Gridded Soil 
Survey Geographic Database) soil data in 2020 (Soil Survey Staff, 2020), 
and 2.5-arc Parameter-elevation Regressions on Independent Slopes 
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Model (PRISM) climatic data from 2017 to 2022 (PRISM Climate Group, 
2022). These environmental datasets were used in the cover crop 
detection framework.

The auxiliary data included the 30-m CDL (Boryan et al., 2011) and 
Crop Sequence Boundaries (CSB) (Abernethy et al., 2023). Both datasets 
were used to identify agricultural lands where cover crops could be 
planted.

3. Methods

We completed this study following three major steps (Fig. 2): (1) 
extracting vegetation indices and cover crop features using HLS time 

series, and using BARC biomass data to build the cover crop biomass 
model; (2) building the cover crop detection model based on cover crop 
feature, NASS county-level data, and environmental variables following 
our previous framework (Zhou et al., 2022), generating detected cover 
crop map, and validating the map using MDA cover crop data; (3) 
generating the cover crop biomass map by combining the detection map 
with the biomass model.

3.1. Extract time-integrated vegetation index

We selected four VIs (NDVI, EVI, NIRv, and GCVI) to test and 
compare their capacity to predict cover crop biomass using BARC data. 

Fig. 1. Study area: Maryland. The figure shows the 2024 Cropland Data Layer (CDL) (Boryan et al., 2011) of Maryland. The legend shows some common land cover 
types in both the agriculture and non-agriculture categories. The map labels Beltsville Agricultural Research Center (BARC), where winter cover crop biomass data 
were collected.

Fig. 2. Framework for mapping cover crop biomass. Snapshot and time-integrated VIs from HLS time series are used with BARC data to build the biomass model. A 
cover crop detection model is then developed using extracted features, NASS county-level data, and environmental variables following Zhou et al. (2022), and 
validated with MDA centroid data. Biomass maps are generated by integrating detection results with the biomass model, followed by analysis of spatiotemporal 
patterns, detection thresholds, and factors influencing biomass.
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The selected VIs were related to vegetation physiology and have been 
utilized to monitor crop growth, yield, biomass (Fan et al., 2021; 
Shammi & Meng, 2021; Shuai et al., 2024), and cover crop performance 
(Hively et al., 2025; Thieme et al., 2023; Prabhakara et al., 2015). NDVI 
has primarily been used to quantify vegetation greenness and served as 
an indicator of vegetation density and plant health. EVI, like NDVI, can 
be used to quantify vegetation greenness and phenology. EVI is more 
sensitive in areas with dense vegetation and high biomass (Huete et al., 
2002). NIRv tracks photosynthetic activity and gross primary produc
tivity, and it can better isolate the vegetation signal by reducing the 
influence of soil background (Badgley et al., 2017). GCVI is sensitive to 
chlorophyll concentration and leaf nitrogen content, which are related 
to plant physiological status (Gitelson et al., 2003). The equations of 
these indices are 

NDVI =
NIR − Red
NIR + Red

(1) 

EVI =
NIR − Red

NIR + 6⋅Red − 7.5⋅Blue + 1
(2) 

GCVI =
NIR

Green
− 1 (3) 

NIRv = NIR⋅NDVI (4) 

To develop the time-integrated VI features, we modified the feature 
calculation method in the previously developed phenology-based cover 
crop detection framework (Zhou et al., 2022). VI time series of each 
pixel were collected. After filtering out abnormal VI values and inter
polating missing values, we applied the Savitzky-Golay filter to smooth 
the time series. We extracted full-season features integrating VI signals 
across the entire winter, rather than focusing solely on spring greenness. 
The time-integrated VI feature (f) is given by the equation below, 

f =
∑d2

i=d1
(indexi − indexbaseline) (5) 

indexbaseline = min(indexd1 , indexd2 ) (6) 

where d1 and d2 were the dates when the lowest VIs were observed 
before the latest planting date and after the earliest termination date, 
respectively. Baseline indexbaseline was removed to minimize background 
influence, such as soil. Fig. 3 shows an example of the HLS NDVI time 
series of a cover crop field in the 2020–2021 season.

3.2. Cover crop biomass modeling

Cover crop biomass has a strong and positive log-linear correlation 
with field greenness (Thieme et al., 2023). We tested the performance of 
both the single-date snapshot and time-integrated VIs in predicting 
cover crop biomass using BARC data. Regression models were built for 
all and specific species using both snapshot (index) and time-integrated 
greenness index feature (f). Snapshot VIs were derived from the band 
values measured nearest to the termination date in the BARC biomass 
dataset. We applied natural logarithmic transformation to biomass and 
fit regression models (Prabhakara et al., 2015; Thieme et al., 2023). The 
following equations represent the models. 

ln(Biomass) = a⋅index+ ∊1 (7) 

ln(Biomass) = b⋅f +∊2 (8) 

We then compared the performance of models using R2 and the root 
mean square error (RMSE). The best model was used for cover crop 
biomass estimation in the following sections. We applied analysis of 
covariance (ANCOVA) to the biomass regression models to evaluate 
whether species differed in their regression parameters.

3.3. Cover crop detection

The detection framework was mainly adapted from the one devel
oped by Zhou et al. (2022). When applied to Maryland, we expanded the 
feature date range to include the winter cover crop feature along with 
the spring feature and fall feature, if cover crop growth was observed in 
the fall. The previous feature version in Zhou et al. (2022) only used the 
cover crop spring feature, which did not capture the cover crop growth 
in both fall and winter. Assuming cover crops exhibit greater greenness 
than weeds, we established a greenness threshold to aid cover crop 
detection by distinguishing them from weeds. More details are in the 
Supplemental Materials.

The predicted cover crop map was finalized after applying a low-pass 
filter to remove speckling. We then used the centroids of 15% of MDA- 
enrolled cover crop fields and non-cover crop fields to validate the 
detection results for each year. Because the MDA data were point-based, 
we evaluated detection accuracy using two complementary criteria. 
First, we applied a proximity-based criterion in which an MDA ground 
truth point was considered correctly detected if it overlapped a pre
dicted cover-crop pixel, or if at least one predicted cover-crop pixel 

Fig. 3. Method to calculate the accumulated greenness index. The figure shows an HLS NDVI time series of a cover crop field planted in the season 2020–2021 in 
Kent County, MD. The cash crops before and after the cover crop season are corn and soybeans.
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occurred within a one-pixel buffer (a 3x3 pixel window). Second, we 
conducted a majority-based assessment to account for spatial uncer
tainty in point locations and raster alignment. In this method, a detec
tion was successful when the majority of pixels within the one-pixel 
buffer were classified as cover crops or non-cover crops.

3.4. Analyze the biomass patterns and influencing factors

Using biomass models and predicted cover crop maps, we estimated 
biomass for all MDA-enrolled fields and compared detected versus non- 
detected fields. We evaluated whether species affected detection rate 
and biomass using an ANOVA test. County- and year-level median 
biomass were calculated to examine spatial and temporal patterns across 
Maryland from 2017 to 2022, with emphasis on the Delmarva Peninsula, 
a major agricultural region. Using MDA records of enrolled cover crop 
fields, we analyzed the effect of management timing (growth time) and 
accumulated growing degree days (AccGDD) on biomass. AccGDD is 
calculated using a base temperature of 4 ◦C (Hively et al., 2025). To 
minimize bias from sparsely sampled extreme dates, we fitted Gaussian 
curves to sample-count distributions and excluded the outermost 2.5% 
of samples. The mean biomass of enrolled cover crop samples was 
calculated for 7-day planting and termination intervals and used in 
correlation analyses. We used AIC scores to determine linear or 
quadratic relationships between variables and biomass.

4. Results

4.1. Biomass modeling

Regarding cover crop biomass prediction, NDVI demonstrated higher 
accuracy compared with other VIs for both snapshot and time-integrated 
models, while time-integrated indices were more accurate than 
snapshot-based indices (Supplementary Table 4). Snapshot NDVI ach
ieved a performance of R2 = 0.53 and RMSE = 922 kg/ha, outcompeting 
other indices. NDVI outperformed other indices when used as a time- 
integrated form. Compared with snapshot NDVI, time-integrated NDVI 
showed improvements in terms of R2 (0.53 to 0.66) and RMSE (922 kg/ 

ha to 747 kg/ha) in predicting cover crop biomass. For both snapshot 
and time-integrated VIs, the saturation problem emerged for estimating 
high-biomass cover crops (Fig. 4). At high biomass levels (≈ 4000–8000 
kg/ha), large variations in biomass corresponded to small changes in 
both snapshot and time-integrated NDVI.

Additionally, the time-integrated NDVI models were more robust in 
predicting cover crop biomass for triticale, cereal rye, and all-species 
models (Fig. 4). Models across species were similar when the time- 
integrated NDVI was used (ANCOVA p-value = 0.339). The snapshot 
NDVI models showed greater interspecies variation (ANCOVA p-value <
0.001), indicating recalibration may be needed when modeling biomass 
for new species. The reduced interspecies model variation achieved by 
adopting time-integrated NDVI suggested that a global biomass model 
could be developed for different species. The model was also insensitive 
to the baseline uncertainty. Our Monte Carlo simulation indicated that 
the baseline variation led to an uncertainty of 0.012 in R2 for biomass 
estimation (Supplementary Fig. 3). Thus, we decided to use time- 
integrated NDVI to estimate cover crop biomass.

4.2. Cover crop biomass and detection

4.2.1. Cover crop feature threshold and detection
Statewide cover crop and non-cover crop detections were predicted 

with high accuracy during 2017–2020, with consistent accuracy during 
2017–2019 across all validation criteria (Figs. 5–6). The accuracy 
improved by 9.6% compared to the previous feature calculation method 
under the proximity-based rule (Supplementary Table 3). Detection 
rates declined in 2020 under both proximity- and majority-based rules, 
likely due to reduced program enrollment following lower incentive 
payments and pandemic-related disruptions to verification, which 
increased uncertainty in ground-truth data (Gao et al., 2023). Detection 
accuracy also varied regionally. Eastern Maryland counties on the Del
marva Peninsula (Eastern Shore) had a higher and more stable cover 
crop detection rate than the western counties of Maryland (Fig. 5). 
Western counties had limited agricultural land and a small number of 
fields that were enrolled in the MDA cover crop program. Using the 
annual dataset of fields not enrolled in the cover crop program, results 

Fig. 4. Comparison of biomass prediction models across species using time-integrated and snapshot NDVI. Panels (a)–(d) present models based on snapshot NDVI. 
Panels (e)–(h) display models based on time-integrated NDVI cover crop features.
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showed that non-cover crop identification maintained high accuracy 
statewide under both rules, with commission errors lower in western 
counties (Fig. 6).

4.2.2. Temporal and spatial variation of detected and non-detected cover 
crop biomass

Detected cover crops had significantly higher estimated biomass 
than non-detected cover crops, a pattern consistent across years and 
locations. The difference in biomass distribution between the detected 
and non-detected cover crops (no buffer) was consistent for each year 
between 2017 and 2020 (Fig. 7a). Statewide, detected cover crops 
(963.3 ± 719.5 kg/ha) had higher estimated biomass than non-detected 
cover crops (297.2 ± 209.0 kg/ha) across all years (Fig. 7b). The overall 
detection accuracy was 62.7%, but the accuracy for fields that had 
estimated biomass exceeding 500 kg/ha was 96.1%. Based on Maryland 
samples, a biomass threshold of 361 kg/ha corresponded to > 90% 
probability of detection.

Cover crop biomass in Maryland spatially increased from the 
northwest to the southeast, likely demonstrating elevation and latitude 
constraints on cover crop growth. The county-level median biomass 
(Fig. 8) was highest in southern and Delmarva Peninsula counties, 
coinciding with the high detection accuracy from 2017 to 2020 (Fig. 5). 
Winter biomass values of 2019–2020, 2021–2022, and 2022–2023 
seasons were greater compared to other years, potentially linked to high 
accumulated growing degree days (GDD) (Hively et al., 2025). The 
biomass dropped in 2020–2021 might be due to a combination of cold 

winter (Hively et al., 2025), insufficient incentives, and pandemic 
disruption. These spatial and interseasonal biomass variations high
lighted the influence of environmental conditions on cover crop growth 
and demonstrated the utility of an adaptive cover crop feature threshold 
model.

On the Delmarva Peninsula, the cover crop biomass increased from 
north to south, and so did the gap between the biomass of detected and 
non-detected cover crops. Southern counties in the peninsula showed 
higher median biomass (Fig. 9). The combined 2017–2020 data indi
cated a significant negative relationship between biomass and latitude 
for both detected (p = 0.021) and non-detected fields (p = 0.043). 
Notably, the biomass of detected cover crops increased at a rate 
approximately six times greater than that of non-detected cover crops 
toward the southern counties. Conversely, the biomass gap narrowed at 
higher latitudes, indicating less differentiated detection performance in 
northern areas where overall biomass was lower.

4.2.3. Interspecies variation
High cover crop biomass led to higher detection accuracy, regardless 

of the cover crop species. Fig. 10 presents Maryland’s most popular 
cover crop types, which are cereal rye, wheat, and barley. The general 
trend indicated that mean annual cover crop biomass of each species was 
significantly and positively related to detection accuracy (p < 0.05). The 
ANOVA test of accuracy among species showed F = 1.302, p = 0.319, 
suggesting that species did not significantly influence detection accu
racy. Other cover crop functional types (e.g., legumes) were not 

Fig. 5. County- and state-level accuracy of cover crop identification across years (rows) and detection criteria (columns). Labels in the lower-left side indicate the 
statewide identification rates (%). Gray color signifies no ground truth data.
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considered here. While species characteristics might influence detection accuracies, our results suggested that the dominant factor influencing 

Fig. 6. County- and state-level accuracy of non-enrolled cover crop identification across years (rows) and detection criteria (columns). The layout is similar to the 
layout in Fig. 5.

Fig. 7. Biomass distributions between detected and non-detected cover crops. The biomass (kg/ha) was estimated using the all-species time-integrated NDVI model. 
Panel (a) shows the statewide biomass distribution by year for detected and non-detected cover crops. Panel (b) illustrates the share of detected and non-detected 
cover crops across biomass intervals. The blue and orange dashed lines show the mean biomass value for detected and non-detected cover crops, respectively. The 
vertical axis of panel (b) corresponds to the y-axis of panel (a). Both panels cap at 3000 kg/ha for clarity; 1.8% of samples exceed 3000 kg/ha. (For interpretation of 
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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detection accuracy was the overall accumulated biomass.

4.3. Impact of management timing on cover crop biomass

Management timing influenced cover crop biomass because earlier 
planting and later termination extended the growth period and resulted 
in greater biomass accumulation (Fig. 11a). Longer cover crop growth 
periods resulted in greater accumulated GDD and further increased 

biomass; however, cover crop biomass remained stable after a certain 
amount of GDD accumulation (R2 = 0.88, p < 0.01; a strong quadratic 
relationship in Fig. 11b). This relation was consistent across species 
(Supplementary Fig. 7). Because accumulated GDD was strongly related 
to growth time (R2 = 0.76, p < 0.01; Fig. 11c), a similar quadratic 
relationship was observed between growth time and biomass (R2 = 0.57, 
p < 0.01; Fig. 11d). Because growth time was affected by both the 
planting and termination dates of cover crops, the impacts of planting 

Fig. 8. Predicted winter median biomass by county. The maps show the county-level end-of-season median biomass value of all agricultural pixels that exhibit 
greenness features during the cover crop growing season.

Fig. 9. Biomass distribution of Delmarva Peninsula counties. Panel (a) presents box plots of biomass distributions for detected and non-detected cover crops in each 
county (outliers excluded), plotted against the latitude of each county’s centroid. Separate regression lines demonstrate trends in mean biomass by latitude for 
detected and non-detected cover crops. Panel (b) is a map of the Maryland counties on the Delmarva Peninsula, labeled by Federal Information Processing Standards 
(FIPS) code. Box plots in Fig. 9 share the legend with those in Fig. 7.
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and termination dates on cover crop biomass were examined individu
ally. Earlier cover crop planting was generally associated with higher 
biomass, with peak biomass occurring for cover crops planted in early 
September. Biomass also increased with delayed termination, but the 
relationship was weaker than that between biomass and planting date 
(Supplementary Fig. 5).

5. Discussion

5.1. Varying performance of VIs in predicting cover crop aboveground 
biomass

We addressed the challenges of estimating biomass for different 

Fig. 10. Relationship between biomass and detection accuracy by dominant cover crop species across years in Maryland. Each dot represents average biomass and 
detection accuracy for a cover crop type planted in one season. A linear regression line captures the association between mean biomass and detection accuracy, with 
the gray band symbolizing the 95% confidence interval of the estimated mean accuracy prediction.

Fig. 11. Cover crop biomass by planting/termination dates (DOY), growth time, and accumulated GDD. Panel (a) shows the mean biomass, represented by color, of 
cover crops planted and terminated at 7-day intervals. Panel (b) shows the mean biomass under 100 bins of accumulated GDD. Panel (c) shows the relationship 
between growth time and accumulated GDD. Panel (d) shows the mean biomass against growth time. The bar on each dot represents the standard error of the mean.
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cover crop cereal species using satellite vegetation indices by comparing 
multiple VIs in single-date snapshot and time-integrated forms. The re
sults demonstrated that NDVI outperformed NIRv and GCVI in cover 
crop biomass estimation. Snapshot EVI performed slightly worse than 
snapshot NDVI when all species were pooled, but achieved comparable 
results under stratified performance analysis (Supplementary Table 5). 
This is because NDVI, while subject to saturation at high biomass, re
mains reliable across the low to moderate biomass levels typical of most 
cover crop fields. Moreover, some studies showed NDVI had comparable 
prediction accuracies to other indices in estimating cover crop biomass 
nitrogen content (White et al., 2019), a metric highly correlated with 
biomass and important in evaluating the agroecosystem benefits of 
cover crops. We also tested the performance of some red-edge indices 
(Supplementary Table 6). Like previous studies, red-edge indices, such 
as Red-edge Ratio (RER) and Red-edge NDVI (NDVIRE), have shown 
greater sensitivity to cover crop biomass (Goffart et al., 2021). However, 
HLS L30 product does not carry the red-edge band. It is preferable to 
leverage the red-edge band for biomass estimation if available in satel
lite data. Additionally, integrating SAR data may improve the perfor
mance by increasing the number of observations under cloudy 
conditions.

The time-integrated VI features served as surrogates for primary 
production (Yang et al., 1998) and were more accurate than the snap
shot VI models. Moreover, the reduced sensitivity of time-integrated 
models to cover crop species was likely due to multiple factors. First, 
removing the soil baseline from the index minimized background in
fluences that might contain species-related information. Second, time- 
integrated vegetation indices were not confined to the -1 to 1 range of 
the snapshot index and were thus better able to capture differences at 
moderate to high biomass. In contrast, snapshot VI models required 
calibration across species (White et al., 2019). Because NDVI uses 
spectral bands available on most satellite sensors, its time-integrated 
form can be widely utilized for cover crop biomass estimation across 
time, space, and species.

Machine learning (ML) models can capture complex nonlinear re
lationships of cover crop biomass, but we primarily used regression 
models in this study due to their interpretability. The time-integrated 
vegetation index was designed to represent cumulative plant develop
ment. Under such conditions, regression models provided a transparent 
mapping between predictors and biomass. We additionally implemented 
a random forest model using Sentinel-2 reflectance bands, NDVI, soil 
variables, and accumulated growing degree days. The results 
(Supplementary Fig. 4) showed that while the ML model improved 
prediction accuracy, the important predictors remained consistent with 
those identified in the regression framework.

Further research is needed to assess the scalability and generaliz
ability of our cover crop biomass modeling approach. Our biomass 
model was calibrated using cereal cover crops common to Maryland, but 
broader species groups such as brassicas, legumes, and multi-species 
mixes were not included. A recent study that integrated proximal and 
satellite sensors to develop a “global” cover crop biomass model re
ported reduced accuracy compared to region-specific models 
(Jennewein et al., 2025), highlighting the importance of regional cali
bration and local datasets. Although our time-integrated models showed 
limited species sensitivity, expanding validation across diverse species 
and environments is necessary to improve transferability.

5.2. Integrating biomass estimation into the cover crop detection 
framework

The cover crop detection method in this study built on previous cover 
crop identification approaches. Both OpTIS (Hagen et al., 2020) and 
Zhou et al. (2022) used similar phenology-based frameworks that used 
time series of vegetation indices to identify cover crop features and set 
thresholds to differentiate cover crops from weeds. Extending the 
framework established by Zhou et al. (2022), which focused on spring- 

season cover crop growth, we incorporated a fall-through-spring feature 
that captured the full growing period and enabled the estimation of 
county-level thresholds. The change allowed the framework to adapt to 
regional variations and diverse cover crop growing scenarios, including 
winter-kill cover crops. In addition to these changes, we integrated 
biomass models into the detection framework and found that higher- 
biomass cover crops were more readily identified by remote sensing. 
Cover crop species was evaluated as a potential factor affecting detect
ability, and our results showed that the correlation between high 
detectability and high biomass held regardless of the cereal grain spe
cies. This relationship between cover crop biomass and detectability was 
consistent with the physical mechanism underlying vegetation indices: a 
higher vegetation index implied stronger phenology traits, including 
higher greenness content and larger leaf area, which were easier to 
detect by satellite. Our approach enhanced spatial specificity and cover 
crop phenological completeness while emphasizing that low-biomass 
cover crops remain challenging to detect, regardless of species or 
algorithm.

Cover crops with biomass above 361 kg/ha were more likely to be 
detected, but the detection could be influenced by multiple factors. First, 
cover crop species and their growing conditions determine cover crop 
growth. High-biomass species, favorable environmental conditions, and 
better management strategies (section 5.3) could make cover crops 
easier to detect because their vegetation signals stood out from back
ground noise and grass. Improving the differentiation of cover crops 
from grass can enable our framework to detect cover crops with lower 
biomass. Second, differentiating overwintering crops from cover crops 
remained challenging, and improving overwintering crop detection can 
enhance our cover crop detection performance. We used CDL to remove 
overwintering crops (e.g., winter wheat), which could not be identified 
accurately in some regions. Thus, we attempted to use the termination 
date d2 derived from the NDVI time series to differentiate overwintering 
crops from cover crops. Overwintering crops are generally harvested in 
late June or July in our study region, but cover crops are terminated 
before cash crop planting in late spring. Analysis of 174,606 winter 
wheat pixels in CDL from 2017 to 2022 showed substantial overlap in d2 
distributions between winter wheat and cover crops (Supplementary 
Fig. 9). However, d2 alone could not differentiate between cover crops 
and winter wheat accurately; additional studies to further distinguish 
cover crops from overwintering crops are needed. Third, higher spatial 
and temporal resolution sensors or integration of multiple sensor sources 
can better capture within-field variability and subtle phenological dif
ferences, improving the accuracies of biomass estimation and the 
discrimination of cover crops from weeds or overwintering crops. 
Finally, advances in detection methods, including deep learning and 
computer vision approaches, may further enhance detection accuracy by 
capturing complex spatial and temporal patterns beyond traditional 
index-based methods. Together, these factors highlight that more ac
curate cover crop detection and biomass estimation require the inte
gration of information on growth conditions, phenology, sensor 
capabilities, and analytical approaches.

5.3. Impact of cover crop management practices on biomass and its 
implications for incentives

Cover crop farming decisions can lead to variation in growth time 
that influences biomass, and incentives can have a positive impact on 
cover crop biomass. Earlier planting and later termination extended the 
growth period and allow cover crops to reach higher AccGDD, which 
was associated with higher biomass, aligning with the findings of pre
vious studies (Ruis et al., 2020; Thieme et al., 2023). Since 2019, MDA 
has introduced late termination incentives (Thieme et al., 2023). As a 
result, a biomass surge was observed in 2019–2020, 2021–2022, and 
2022–2023, especially for counties on the Delmarva Peninsula (Fig. 7). 
The 2020–2021 season did not see a similar increase, likely due to 
climate and pandemic disruptions.
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Incentives are typically aligned with agronomic practices that 
maximize biomass while balancing any trade-offs with cash crop pro
duction. The MDA general incentives encourage farmers to plant earlier 
and terminate later, such that cover crops can accumulate sufficient 
biomass to reduce nitrogen leaching to groundwater (Thieme et al., 
2023) or to affect weed control and nutrient availability in the crop
ping system (Van Eerd et al., 2023). However, excessively delayed cover 
crop termination may reduce cash crop yield by immobilizing nitrogen 
(Abdalla et al., 2019; Qin et al., 2021; Lobell et al., 2025; Muniz et al., 
2025). Therefore, prioritizing earlier planting is more strategic for 
biomass gains when incentive funding is limited. Recent MDA programs 
demonstrate this balance by favoring early planting over delayed 
termination (Maryland Department of Agriculture, 2024; 2025). In 
general, cover crop management practices may be tailored to regional 
conditions and cover crop species to achieve biomass levels that deliver 
the targeted environmental benefits. In addition to management prac
tices, environmental variables such as soil and climate should be 
considered in future studies of cover crop biomass.

6. Conclusion

This study examined the influence of cover crop biomass on its 
detectability via satellite remote sensing to inform effective cover crop 
management strategies. We first modeled cover crop biomass using 
various VIs in their single-date snapshot and time-integrated forms. 
Across all snapshot VIs we tested, NDVI most accurately predicted cover 
crop biomass compared with EVI, NIRv, and GCVI. The time-integrated 
NDVI model was a more accurate and consistent method for biomass 
estimation and significantly reduced interspecies differences. Next, we 
used the phenology-based framework to detect cover crops in Maryland 
from 2017–2018 to 2023–2024 and analyzed the impact of biomass on 
detectability. Higher biomass cover crops were more likely to be 
detected. For cover crops with biomass over 500 kg/ha, the no-buffer 
detection accuracy reached 96.1%, compared to an overall accuracy of 
62.7% for all cover crops. Cover crop detectability was high when 
biomass was high, regardless of species. Finally, we found that man
agement timing of cover crop planting/termination dates influenced 
cover crop biomass by altering growth duration and accumulated GDD, 
with biomass increasing as growth periods lengthened but plateauing 
after a certain level of GDD accumulation. Overall, the study provides a 
non-destructive, scalable approach to detect and estimate biomass 
across cover crop systems. This approach could help advance remote 
sensing applications in cover crop monitoring, support data-driven de
cision-making, and inform sustainable cover crop management.
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