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Estimating the effect of winter cover crops on 
nitrogen leaching using cost-share enrollment 
data, satellite remote sensing, and Soil and 
Water Assessment Tool (SWAT) modeling
W.D. Hively, S. Lee, A.M. Sadeghi, G.W. McCarty, B.T. Lamb, A. Soroka, J. Keppler, I.-Y. Yeo, 
and G.E. Moglen 

Abstract: This study employed a novel combination of data (winter cover crop [WCC] cost-
share enrollment records, satellite remote sensing of wintertime vegetation, and results of Soil 
and Water Assessment Tool [SWAT] water quality simulations) to estimate the environmental 
performance of WCC at the watershed scale, from 2008 through 2017, in the Tuckahoe 
Creek watershed, located within the Choptank River basin. The Choptank River is a trib-
utary of the Chesapeake Bay, and, as a focus watershed for the USDA’s Conservation Effects 
Assessment Project, has been the subject of considerable study assessing linkages between 
land use and water quality. Farm enrollment data from the Maryland Agricultural Cost Share 
(MACS) program documented a large increase in the use of WCC within the Tuckahoe 
Creek watershed during the study period, rising from 27% of corn (Zea mays L.) fields and 
9% of soybean (Glycine max L.) fields in 2008 to 89% of corn fields and 46% of soybean fields 
in 2016. Satellite remote sensing of wintertime ground cover detected increased wintertime 
vegetation following corn crops, in comparison to full season and double cropped soybean, 
consistent with patterns of cover crop implementation. Although interannual variation in cli-
mate strongly affected observed levels of vegetation, with warm winters resulting in increased 
vegetative cover, a 30-year analysis of wintertime greenness revealed significant increases in 
wintertime vegetation associated with increased adoption of WCC. The MACS WCC enroll-
ment data were combined with output from the SWAT model, calibrated to streamflow and 
nutrient loading from the Upper Tuckahoe watershed, to estimate water quality impacts based 
on known distribution of cover crop species and planting dates (2008 to 2017). Results indi-
cated a 25% overall 10-year reduction in nitrate (NO3

–) leaching from cropland attributable 
to cover crop adoption, rising to an estimated 38% load reduction in 2016 when 64% of fields 
were planted to cover crops. Results suggest that increased environmental benefits would be 
achieved by shifting agronomic methods away from late-planted wheat (Triticum aestivum L.), 
which comprised 34.7% of all WCC planted between 2008 and 2017.
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Winter cover crops (WCC) have been iden-
tified as one of the most cost-effective 
conservation practices for reduction of 
agricultural nitrogen (N) pollution in the 
Chesapeake Bay watershed (McCarty 
et al. 2008; Ator and Denver 2012). Due 
to the high efficiency of WCC in reducing 
nitrate (NO3

–) loads, both federal and state 
governments provide cost-sharing pro-
grams to encourage local farmers to adopt 
WCC (McCarty et al. 2008), and the state of 

Maryland has placed a major focus on the use 
of WCC on agricultural land to help achieve 
water quality objectives. The Maryland 
Agricultural Cost Share Program (MACS) 
subsidizes the costs of planting WCC with 
a primary goal of reducing nutrient and sed-
iment loss from farmland. WCC such as rye 
(Secale cereale L.), barley (Hordeum vulgare L.), 
wheat (Triticum aestivum L.), radish (Raphanus 
sativus L.), and rapeseed (Brassica napus L.) are 
planted in the fall following the harvest of 

summer row crops such as corn (Zea mays 
L.), soybean (Glycine max L.), and vegeta-
bles. As they grow, the WCC take up N that 
would otherwise be vulnerable to leaching 
over the winter, protect the soil from rain-
drop impact and erosion, and promote soil 
health (Hively et al. 2009; Sharma et al. 2018). 
The cover crops are typically terminated the 
following spring to release nutrients for the 
subsequent cash crop. Because they help to 
meet important environmental targets, cover 
crops are strongly promoted by agricultural 
conservation agencies in the Chesapeake 
Bay region, and their use on farms has rap-
idly increased over the past decade. However, 
on-farm performance has been shown to be 
highly variable (Hively et al. 2009), and the 
effects on water quality at the landscape scale 
are not well quantified. 

The Choptank River watershed, located in 
Maryland and Delaware on the Eastern Shore 
of the Chesapeake Bay (figure 1), has been a 
focus watershed for the USDA Conservation 
Effects Assessment Project (CEAP). The 
Choptank is one of 11 major rivers that drain 
to the Chesapeake Bay, and it is designated as 
impaired by excess nutrients and sediment, 
largely derived from agricultural runoff. 
Agricultural production is primarily poultry 
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production, along with large-scale corn, soy-
bean, and winter small grain production and 
some dairy. The Choptank River watershed 
has been a focus area for CEAP Watershed 
and CEAP Wetland research since 2004 and 
2008, respectively. Over this period, various 
publications detailing the linkages between 
landscape and water quality outcomes were 
generated, including such diverse subjects 
as fate and transport of nutrients and trace 
organic contaminants in 15 monitored sub-
watersheds (McCarty et al. 2008; Hively et al. 
2011; Nino De Guzman et al. 2012; McCarty 
et al. 2014) as well as in the Choptank River 
estuary (Whitall et al. 2010); the effects of 
current and prior converted wetland areas on 
nutrient loading (Denver et al. 2014; Hunt 
et al. 2014; Sharifi et al. 2016; Li et al. 2017; 
Lee et al. 2017a, 2018a); use of remote sens-
ing to map water use, wetland characteristics, 
and wetland connectivity to stream networks 
(Lang et al. 2012a, 2012b; Fenstermacher et 
al. 2014; Huang et al. 2014; Sun et al. 2017; 
Jones et al. 2018; Yeo et al. 2019a, 2019b); the 
use of remote sensing to map crop residue 
and tillage intensity (Hively et al. 2018, 2019; 
Quemada et al. 2018); modeling of nutrient 
transport, WCC, and climate change impacts 
on water quality using the Soil and Water 
Assessment Tool (SWAT; Yeo et al. 2014; 
Lee et al. 2016, 2017b, 2017c, 2018b, 2018c, 
2018d); and the use of remote sensing to 
measure WCC conservation performance 
at the landscape scale (Hively et al. 2009, 
2015; Hunt et al. 2010, 2011; Prabhakara et 
al. 2015). 

Because the area of the Eastern Shore 
surrounding the Choptank River is well 
studied, comprehensive data sets of agricul-
tural land use, water quality, and streamflow 
provided an excellent opportunity for model 
calibration and validation to support the 
investigation of WCC impacts on nutrient 
loading to streams. SWAT is a widely used 
hydrologic and water quality model that was 
developed to simulate the effects of changing 
land use and climate variability on watershed 
processes (Arnold et al. 1998). The model 
first divides a watershed into subwatersheds 
based on drainage network structure, and 
each subwatershed is then further divided 
into hydrologic response units (HRUs) by 
superimposing land cover, slope, and soil 
type within each given subwatershed. Thus, 
SWAT runs on an HRU concept that serves 
as the basis for representing homogeneous 
areas within each subwatershed. SWAT 

simulates eight major components related 
to transport of agricultural contaminants: 
hydrology, weather, sedimentation, soil tem-
perature, crop growth, nutrients, pesticides, 
and agricultural management (Neitsch et al. 
2002). Major hydrologic processes that can 
be simulated by the model include evapo-
transpiration, surface runoff, percolation, 
shallow and deep aquifer flows, and channel 
routing (Arnold et al. 1998). Streamflow in 
the main channel is determined by three 
sources: surface runoff, lateral flow, and base 
flow from shallow aquifers. 

Yeo et al. (2014) adapted the SWAT model 
for simulation of cover crop growth by using 
the remote sensing analysis and on-farm sam-
pling data provided in Hively et al. (2009) to 
develop species-specific relationships between 
accumulated growing degrees and cover crop 
biomass, which provided the basis for SWAT 
modeling of cover crop performance in the 
Choptank River watershed (Lee et al. 2016, 
2017b, 2017c, 2018b). These cover crop 
growth parameters provided the basis for 
modeling the impact of cover crops on NO3

– 
leaching from cropland in the present study. 

Research by the Choptank River CEAP 
has documented the impacts of WCC on 
nutrient reductions using a combination of 

remote sensing, on-farm sampling, SWAT 
modeling, and analysis of MACS enroll-
ment records. Study findings document that 
NO3

– reduction efficiency of WCC var-
ied by agronomic implementation method, 
watershed characteristics, and crop rotation 
(Hively et al. 2009; Yeo et al. 2014; Lee et 
al. 2016), and that early-planted WCC were 
more effective in reducing NO3

– loads than 
late-planted WCC due to warmer condi-
tions and longer growing periods (Hively 
et al. 2009; Yeo et al. 2014; Lee et al. 2016). 
In addition, rye cover crops were found to 
outperform barley and wheat cover crops, 
most likely due to their increased cold tol-
erance, hardiness, and more rapid root system 
development during the early winter (Hively 
et al. 2009; Staver et al. 1989; Prabhakara et 
al. 2015). Additionally, the Choptank CEAP 
team developed techniques to support the 
analysis of multiyear trends in wintertime 
ground cover by combining satellite vegeta-
tion indices with knowledge of summer crop 
type derived from the Cropland Data Layer 
(CDL) (Hively et al. 2015).

The focus of this paper was to explore the 
novel combination of multiyear cost-share 
program enrollment data, remote sensing of 
wintertime vegetation, and SWAT model 

Figure 1 
Map of the Choptank River watershed, Maryland/Delaware, showing the boundaries for Upper 
Tuckahoe and Greensboro subwatersheds, along with a 2017 Cropland Data Layer (CDL) map of 
summer crop type showing the extent of the Tuckahoe Creek HUC8 watershed (#02130405).
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simulations to describe how trends in WCC 
implementation appear to have impacted 
nutrient loading in an agricultural watershed 
(Tuckahoe Creek) adjacent to a highly sen-
sitive estuarine ecosystem (the Chesapeake 
Bay). This combination of data sources 
supports evaluation of WCC effects on NO3

– 
leaching in the context of landscape, climate, 
and conservation.

Materials and Methods
Study Site. The area of interest for this study 
was the Tuckahoe Creek watershed, located 
in the headwaters of the Choptank River 
(figure 1). The Tuckahoe Creek watershed 
(400 km2) is defined by the eight-digit 
hydrological unit code (HUC8) #02130405, 
which is the area for which MACS cover 
crop implementation records were available. 
Land use is 47% agricultural cropland, 41% 
forest, and 8% low intensity urban devel-
opment. Major soil types in the Tuckahoe 
Creek watershed are typically Othello soil 
series (fine-silty, mixed, active, mesic Typic 
Endoaquults) and Mattapex series (fine-silty, 
mixed, active mesic Aquic Hapludults), with 
slopes ranging from 2% to 5%, underlain by 
the Columbia aquifer (McCarty et al. 2008). 
Approximately 44% of the agricultural soils 
are poorly drained (Soil Survey Geographic 
Database [SSURGO] drainage classes C and 
D), and much of the agricultural land is ditch 
drained. The climate in the region is humid 
with an annual average rainfall of 110 cm. 
Average monthly temperatures range from 
2°C in January/February to 25°C in July/
August, with a yearly average of 12.8°C. 

The upper 225 km2 of the Tuckahoe 
Creek watershed (“Upper Tuckahoe”) 
drain through a streamflow gauging station 
maintained by the US Geological Survey 
(USGS station #01491500), and the flow 
is nontidal above the gauging station. The 
Upper Tuckahoe watershed has previously 
been the subject of SWAT modeling, with 
calibration/validation provided by stream 
gauge and water quality sampling data 
records (Lee et al. 2016, 2017b, 2017c). The 
Upper Tuckahoe watershed is composed of 
54% agriculture, 33% forested, 8% pasture, 
and 4% developed area (Lee et al. 2016). 
Previous CEAP studies have contrasted the 
Upper Tuckahoe watershed with the adja-
cent Greensboro watershed, a similarly sized 
watershed located at the headwaters of the 
Choptank River (figure 1) with higher 
amounts of forested wetlands, poorly drained 

soils, and ditch drainage of agricultural areas. 
These studies (Denver et al. 2014; Lee et 
al. 2016; McCarty et al. 2014; Sharifi et al. 
2016) highlighted the importance of hydro-
geomorphology on nutrient transport, with 
the Greensboro demonstrating quick flow of 
NO3

– through ditch drainage, accompanied 
by denitrification of anoxic groundwater. 
The Upper Tuckahoe watershed, in contrast, 
had reduced overland flow, with compara-
tively high concentrations of NO3

– in oxic 
groundwaters (Denver et al. 2014). Stream 
incision in the Upper Tuckahoe watershed 
has led to the occurrence of narrow riparian 
forested buffers along the stream corridors. 
Transport times of groundwater and NO3

–

from field to stream average 10 to 15 years 
(Sanford et al. 2013). 

Cover Crop Implementation. Enrollment 
records for the MACS WCC program were 
obtained from the Maryland Department 
of Agriculture. These records, documenting 
annual enrollment from 2008 through 2017, 
contained agronomic information for every 
field within the Tuckahoe Creek watershed 
that was enrolled in the MACS cover crop 
program (n = 4,447), including planting date, 
cover crop species, area planted, and previ-
ous summer crop type. Planting date was 
subsequently categorized according to cut-
off dates used by the cover crop cost-share 
program, defined as early (planted before 
October 1), standard (planted October 1 to 
October 14), and late (planted October 15 to 
mid-November).

The pertinent cover crop program 
enrollment data were identified by HUC8 
watershed code, locating them within 
the Tuckahoe Creek watershed (HUC 
#02130405). Cover crop enrollment data 
were available only for Maryland, and there-
fore the Greensboro watershed, which spans 
Maryland and Delaware, was excluded from 
the current analysis. It should be noted that 
the Tuckahoe Creek HUC8 watershed (400 
km2) is larger than the SWAT modeling 
extent for the Upper Tuckahoe Creek (220 
km2). For the purposes of this analysis, it was 
assumed that the distribution of cover crops 
was similar for the Tuckahoe Creek and 
Upper Tuckahoe watersheds.

Wintertime Ground Cover Analysis: 2008 
to 2017. Satellite remote sensing analysis of 
wintertime ground cover was achieved using 
a toolkit developed by the Choptank CEAP 
team for use in ArcGIS, described in Hively 
et al. (2015). The toolkit combines satellite 

imagery, mapped CDL summer crop type, 
and watershed boundaries to calculate the 
distribution of vegetation abundance by 
summer crop type for the area of interest.

Wintertime Landsat surface reflectance 
imagery from Path 14 Row 33 were obtained 
using Google Earth Engine (Google Inc., 
Mountain View, California) (Gorelick et al. 
2017). Within Google Earth Engine, Landsat 
imagery was masked to exclude snow and 
clouds using the Landsat Quality Assessment 
(QA) bands. The masked Landsat imagery was 
subsequently converted to the Normalized 
Difference Vegetation Index (NDVI):

NDVI = (NIR – R)/(NIR + R),  (1)

using Landsat bands for near infrared reflec-
tance (NIR) and red reflectance (R). The 
NDVI (Tucker 1979) is a commonly used 
index that correlates well with the leaf area 
index of green vegetation. For Maryland 
WCC specifically, NDVI has been found to 
perform as well as or better than nine other 
vegetation indices for measuring vegeta-
tion biomass and percentage ground cover 
(Prabhakara et al. 2015). 

For each year, all available Landsat  
NDVI surface reflectance imagery acquired 
between November 15 and March 1 were 
layer stacked and composited to select the 
maximum NDVI value for each pixel. This 
amounted to six to seven wintertime images 
per year, spaced 16 days apart, with cloudy 
pixels removed from the analysis. The result 
was one composite maximum NDVI Landsat 
image per year (2008 to 2017) that was sub-
sequently used for wintertime greenness 
analysis after being exported from Google 
Earth Engine.

Using the ArcGIS-based ground cover 
calculation tool developed by the Choptank 
CEAP (Hively et al. 2015), the composite 
maximum NDVI image for each year was 
segmented into four vegetation classes rep-
resenting minimal, low, medium, and high 
levels of wintertime vegetation, using NDVI 
threshold values of minimal biomass (0.10 to 
0.29), low biomass (0.29 to 0.40), medium 
biomass (0.40 to 0.53), and high biomass 
(0.53 to 0.99). The threshold values of 0.29, 
0.40, and 0.53 correspond to approximately 
100, 200, and 500 kg ha–1 biomass, respec-
tively (Prabhakara et al. 2015), which would 
equate to approximately 2, 4, and 10 kg ha–1 

of aboveground N content, respectively, if 
a 2% tissue N content is assumed for small 
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grain WCC in the vegetative growth stage 
(Hively et al. 2009). 

Maps of CDL summer crop type for the 
Tuckahoe Creek watershed were obtained 
from CropScape (USDA NASS 2019). Each 
year’s CDL information was overlaid on the 
subsequent wintertime NDVI imagery to 
calculate the percentage of each summer crop 
type falling into each wintertime vegetation 
class (e.g., summer 2014 CDL was combined 
with winter 2014 to 2015 satellite imagery). 

Satellite-based wintertime ground cover 
analysis was performed for each year for 
which CDL crop type maps were available 
(2008 to 2017) using the CEAP-developed 
ArcGIS ground cover calculation tool 
(Hively et al. 2015). Inputs included the 
composite maximum NDVI Landsat 8 imag-
ery compiled between November 15 and 
March 1 (e.g., year “2008” composites imag-
ery from November 15, 2008, to March 1, 
2009, yielding the highest NDVI value per 
pixel observed during this date range) and 
summer crop type from the CDL (e.g., sum-
mer 2008 CDL was paired with winter 2008 
to 2009 maximum NDVI imagery). We also 
tested imagery composites derived using a 
narrower date range (December to January), 
and found no substantial difference in results 
from the November 15 to March 1 Landsat  
imagery composite. For further detail on the 
ArcGIS toolkit and the method used to cal-
culate wintertime vegetation cover, refer to 
Hively et al. (2015).

The sum of accumulated daily growing 
degrees, base 4°C (GDD4), was calculated 
from September 1 of each year until March 
31, to gain insight into how much the vari-
ation in wintertime growing conditions 
affected the satellite vegetation analysis. Daily 
GDD4 was calculated as equation 2:

GDD4 = [(Tmax + Tmin)/2] – 4 , (2)

where Tmax and Tmin were the maximum 
and minimum recorded daily air tempera-
tures (°C), respectively. Days with negative 
values were set to equal zero before sum-
mation. Weather data used to calculate 
GDD4 were obtained from a weather station 
located at the University of Maryland Wye 
Research Station (38°54”31’ N; 76°08”38’ 
W; University of Maryland 2018).

Wintertime Ground Cover Analysis: 1984 
to 2017. To expand the vegetation analysis 
beyond the period of record for CDL avail-
ability (2008 to present), long-term cropland 

hectares were determined by layer stacking 
the 10 years of annual CDL and identifying 
pixels that were cropland >80% of the time. 
The resulting area (18,700 ha) occupied 46% 
of the Tuckahoe Creek watershed, and for 
the purposes of this analysis was assumed to 
be stable as cropland over time. This long-
term cropland mask was combined with 
annual wintertime (November 15 to March 
1) composite maximum NDVI Landsat 
imagery for the time period of 1984 to 
2017, and the ground cover toolkit was used 
to calculate the distributions of wintertime 
vegetative ground cover on cropland. For 
this long-term analysis, annual wintertime 
maximum NDVI imagery composites were 
calculated using a combination of Landsat 5 
(NIR = Band 4, Red = Band 3), Landsat 7 
(NIR = Band 4, Red = Band 3), and Landsat 
8 (NIR = Band 5, Red = Band 4).

SWAT Modeling. As part of CEAP 
research in the Choptank River watershed, 
SWAT was calibrated to streamflow and 
nutrient loading from the Upper Tuckahoe 
and Greensboro watersheds (figure 1) to 
examine the water quality effects of WCC on 
reducing N loading based on (1) cover crop 
species and planting date (Yeo et al. 2014), (2) 
hydrogeomorphological differences between 
the watersheds (Lee et al. 2016), and (3) 
effects of future climate conditions (Lee et al. 
2017b, 2017c). For the current study, we used 
the calibrated SWAT model for the Upper 
Tuckahoe watershed to assess the impacts of 
WCC on the leaching of NO3

– from agri-
cultural lands from 2008 to 2017, the period 
for which WCC MACS enrollment data and 
CDL land use data were available, and similar 
to the period for which the Upper Tuckahoe 
SWAT model had previously been calibrated 
(2001 to 2008) and validated (2009 to 2014) 
(Lee et al. 2018b). Within the SWAT model, 
summer crop rotations were parameterized 
using a multiyear sequence of CDL infor-
mation (Lee et al. 2016) and management 
details provided in table 1. The model cali-
bration and validation were conducted under 
no-winter-cover-crop conditions (“No 
WCC scenario,” Lee et al. [2016]). Overall, 
model Nash-Sutcliffe efficiency coefficient 
(NSE) performance measures were “good” 
(e.g., 0.65 to 0.75) or “very good” (>0.75) 
criteria for streamflow and at least “satisfac-
tory” (0.5 to 0.65) for NO3

– loads (Lee et al. 
2018b). The SWAT simulations used histor-
ically accurate precipitation and temperature 
data from the University of Maryland Wye 

Research Center (located adjacent to the 
Choptank River watershed) to drive the 
model calculations.

Nine WCC scenarios were developed to 
represent changes in NO3

– loading result-
ing from WCC implementation, including 
all combinations of three small grain WCC 
species (wheat, rye, and barley) and three 
planting dates (October 3, October 17, and 
November 2) chosen to simulate the early, 
standard, and late planting date categories 
established by the MACS WCC cost-share 
program. WCC growth parameters were 
directly adopted from Yeo et al. (2014), simu-
lating WCC growth and biomass production 
based on species-specific response to accu-
mulated growing degrees observed in the 
winter of 2005 to 2006 (Hively et al. 2009). 
WCC performance was evaluated based on 
SWAT model outputs summarized from 
September 1 through March 31 (hereafter 
referred to as the “winter period”). Simulated 
NO3

– leaching only from croplands was used 
to quantify WCC performance.

Results and Discussion
Cover Crop Implementation. From 2008 
through 2017, 91,790 ha of WCC were 
planted in the Tuckahoe Creek watershed 
(table 2)—33% in the early planting category 
(prior to October 1), 28% in the standard 
planting category (October 1 to 14), and 
39% in the late planting category (October 
15 to mid-November). The large majority of 
planted cover crop was wheat (68.1%), fol-
lowed by barley (16.1%), rye (7.2%), forage 
radish (4.4%), triticale (Triticale hexaploide 
Lart.; 1.7%), and canola (1.0%), as well as 
clover (Trifolium spp.)/wheat mix, legume/
cereal mix, ryegrass, and spring oats (Avena 
sativa) (each <1% of total cover crop area). 
Planting dates for wheat were generally late 
(51%), whereas planting dates for barley 
tended to be early (50%), and planting dates 
were more evenly distributed for rye (39% 
early, 35% late). Overall, the largest propor-
tion of WCC, when segmented by species 
and planting date category, was late-planted 
wheat (34.7% of all WCC).  

The area of summer row crops planted 
within the Tuckahoe Creek watershed, cal-
culated from the CDL, varied somewhat 
from 2008 to 2017, ranging from 7,520 ha 
to 11,830 ha of corn and from 10,580 ha 
to 15,350 ha of soybean (table 3, figure 2). 
The apparent area planted to corn decreased 
rapidly from 2011 (11,540 ha) to 2012 
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(8,260 ha), rising again in 2017. However, 
similar changes in corn area were not seen 
in USDA National Agricultural Statistics 
Service (NASS) county-level statistics, per-
haps calling into question the consistency 
of the CDL data product. Soybean area was 

more stable, apart from a high value in 2008 
(table 3, figure 2). Overall, the percentage of 
the watershed occupied by row crops varied 
from a low of 50% in 2012 to 2013 to a high 
of 68% in 2008 (table 3). 

The area of WCC planted within the 
Tuckahoe Creek watershed increased steadily 
from 2008 (4,580 ha) to 2016 (13,390 ha), 
with most cover crops planted following corn 
(60%) and soybeans (26%) (table 3). These 
data were derived directly from MACS cost-

Table 1
Management schedules for baseline and winter cover crop SWAT model scenarios (adapted from Lee et al. 2016).

SWAT model scenario Crop Planting Fertilizer Harvest

Baseline (no cover crop)  Corn (after corn) Apr. 30 (no-till) 157 kg N ha–1 of poultry manure* on Oct. 3
   Apr. 20; 45 kg N ha–1 of side dress 30% 
   UAN† on June 7
 Corn (after soybean and Apr. 30 (no-till) 124 kg N ha–1 of poultry manure on Oct. 3
 double crop soybean)  Apr. 20; 34 kg N ha–1 of side dress 30% 
   UAN on June 7
 Soybean May 20 (no-till) None   Oct. 15
 Double crop winter wheat Oct. 10 34 kg N ha–1 of side dress 30% UAN on Oct. 8;  June 27
 before soybean  45 kg N ha–1 of side dress 30% UAN on Mar. 1; 
   67 kg N ha–1 of side dress 30% UAN on Apr. 5
 Double crop soybean after June 29 None  Nov. 1
 winter wheat
Winter cover crop Corn (after corn) Apr. 30 (no-till) 157 kg N ha–1 of poultry manure on Apr. 2;  Oct. 1, 15, and 30
   45 kg N ha–1 of side dress 30% UAN on June 7
 Corn (after soybean and Apr. 30 (no-till) 124 kg N ha–1 of poultry manure on Apr. 20;  Oct. 1, 15, and 30
 double crop soybean)  34 kg N ha–1 of side dress 30% UAN on June 7
 Soybean May 20 (no-till) None  Oct. 1,15, and 30
 Double crop winter wheat Oct. 10 34 kg N ha–1 of side dress 30% UAN on Oct. 8;  Jun. 27
 before soybean  45 kg N ha–1 of side dress 30% UAN on Mar. 1; 
   67 kg N ha–1 of side dress 30% UAN on Apr. 5
 Double crop soybean after June 29 None  Nov. 1
 winter wheat
 Winter cover crop Oct. 3, 17, and None Mar. 31 termination
  Nov. 2
*Using a typical nitrogen (N) content for poultry manure of 2.8% (Yeo et al. 2014).
†Urea ammonium nitrate.

Table 2
Enrollment in the Maryland winter cover crop cost-share program, Tuckahoe Creek watershed, 2008 to 2017. Planting date categories are defined as 
early (prior to October 1), standard (October 1 to 14), and late (October 15 to mid-November).  

 Number of hectares planted % by planting date % of annual enrollment

Species Total Early Standard Late Early Standard Late Total Early Standard Late

Total 91,790 30,110 25,610 36,070 33 28 39 100.0 32.8 27.9 39.3
Wheat 62,510 13,450 17,210 31,850 22 28 51 68.1 14.7 18.7 34.7
Barley 14,800 7,390 5,960 1,440 50 40 10 16.1 8.1 6.5 1.6
Rye 6,620 2,570 1,710 1,350 39 26 20 7.2 2.8 1.9 1.5
Forage radish 4,040 4,000 40 0 99 1 0 4.4 4.4 0.0 0.0
Tritcale 1,560 750 380 440 48 24 28 1.7 0.8 0.4 0.5
Canola 910 890 20 0 98 2 0 1.0 1.0 0.0 0.0
Clover/wheat 390 290 100 0 74 26 0 0.4 0.3 0.1 0.0
Legume/cereal mix 510 340 170 0 67 33 0 0.6 0.4 0.2 0.0
Spring oats 230 220 10 0 96 4 0 0.3 0.2 0.0 0.0
Ryegrass 140 140 0 0 100 0 0 0.2 0.2 0.0 0.0
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share enrollment records and were judged to 
be accurate. The area of cover crops planted 
following corn more than doubled between 
2009 (3,230 ha) and 2011 (6,710 ha), and 
then held consistent through 2017 (table 3, 
figure 2). The rise in cover crop adoption 
corresponded to increased outreach and 
funding provided by the MACS program.

The percentage of corn fields enrolled 
in the WCC program more than doubled 
over the study period, increasing from 27% 
in 2008 to 54% in 2017, with a maximum 
of 89% of corn fields cover cropped in 2016 
(table 3, figure 2). The apparent decrease 
from 2016 to 2017 resulted from a change 
in MACS regulations to no longer pro-
vide cost-share for WCC that are grown 
for harvest as commodity cover crops. The 

percentage of soybean fields enrolled in the 
WCC program increased from 9% to 33% 
between 2008 and 2017, with the maximum 
of 46% occurring in 2016 (table 3, figure 
2). The large majority of the postsoybean 
WCC were planted following full season 
soybean, with zero enrollment reported fol-
lowing double crop soybeans prior to 2015. 
In this region, the order of harvest is typi-
cally corn followed by soybean followed by 
double crop soybean, such that cover crop 
implementation is most prevalent following 
corn due to the greater amount of warm fall 
weather available for cover crop planting and 
growth. Overall, implementation of cover 
crops increased from 17% of row crop fields 
in 2008 to 43% of row crop fields in 2017 
(64% in 2016), with a rapid rise in cover crop 

adoption observed beginning in 2010 (table 
3, figure 2). 

Wintertime Ground Cover Analysis: 2008 
to 2017. Satellite-based wintertime ground 
cover analysis was performed for each 
year for which CDL crop type maps were 
available (2008 to 2017) using the CEAP-
developed ArcGIS ground cover calculation 
tool (Hively et al. 2015). Tabular results of the 
ground cover analysis are reported in table 4. 
Raster map output is shown in figure 3. 

Within each year there were clear differ-
ences in wintertime vegetation associated 
with each summer crop type, with perennial 
crops such as alfalfa (Medicago sativa) and hay 
exhibiting high levels of vegetation, followed 
in decreasing order by corn, full season soy-
bean, and double-cropped soybean (table 

Table 3
Annual area of summer crops determined using Cropland Data Layer, annual percentage of watershed area occupied by summer row crops, annual 
enrollment in the Maryland cover crop cost-share program by previous summer crop type, and annual percentage of summer crop fields enrolled in 
the Maryland cover crop cost-share program, Tuckahoe Creek watershed, 2008 to 2017.

Crop           2008 to
type 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2017

Area of summer row crops (ha) within the Tuckahoe Creek watershed, from annual Cropland Data Layer
  Corn 11,680 11,830 11,320 11,540 8,260 8,080 7,900 7,520 8,460 11,650 98,250
  Full season 6,130 5,080 7,590 4,570 3,080 2,730 4,030 5,600 4,320 8,010 51,150
  soybean
  Double crop 9,220 7,000 4,610 6,010 8,510 9,140 8,750 7,820 8,080 4,110 73,240
  soybean
  All soybean 15,350 12,080 12,200 10,580 11,590 11,870 12,780 13,420 12,400 12,120 124,390
  crops
  All corn +  27,030 23,910 23,520 22,120 19,850 19,950 20,680 20,940 20,860 23,770 222,640
  soybean
Percentage of total Tuckahoe Creek watershed area (39,941 ha) occupied by summer crops
  Corn 29 30 28 29 21 20 20 19 21 29 25
  Full season 15 13 19 11 8 7 10 14 11 20 13
  soybean
  Double crop 23 18 12 15 21 23 22 20 20 10 18
  soybean
  All soybean 38 30 31 26 29 30 32 34 31 30 31
  crops
  All corn +  68 60 59 55 50 50 52 52 52 59 56
  soybean
Area of winter cover crop enrollment (ha), by previous summer crop type, from MDA enrollment records
  Corn 3,170 3,230 5,410 6,710 7,040 6,390 6,660 6,310 7,570 6,240 58,730
  Soybean 1,350 840 2,540 2,860 2,880 2,950 3,960 4,670 5,770 4,030 31,830
  Vegetables 60 150 70 70 110 110 50 60 40 130 830
  Sorghum — — 23 60 90 20 20 40 20 130 390
  All crops 4,580 4,220 8,040 9,700 10,110 9,460 10,700 11,090 13,390 10,510 91,790
Percentage of summer crop area enrolled in winter cover crop cost-share program, by crop type   
  Corn 27 27 48 58 85 79 84 84 89 54 60
  Soybean 9 7 21 27 25 25 31 35 46 33 26
  All corn +  17 17 34 43 50 47 51 52 64 43 41
  soybean
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Three time periods were identified, repre-
senting near zero cover crop implementation 
(1984 to 1997; 128 to 1,330 ha of WCC), 
moderate cover crop implementation (1998 
to 2009; 1,156 to 13,019 ha of WCC), and 
substantial cover crop implementation (2010 
to 2017; 10,420 to 33,080 ha of WCC). Each 
of these periods demonstrated a different 
relationship between winter temperatures 
(GDD4) and wintertime vegetation, with 
increased vegetation associated with periods 
of higher cover crop adoption (figure 6b). 

Analysis of variance (ANOVA) was per-
formed using the following model:

Vegetative ground cover = GDD4 
+ time period + ε , (3)

where “vegetative ground cover” rep-
resents percentage of cropland exhibiting 
medium-high levels of wintertime veg-
etation, “GDD4” represents accumulated 
growing degrees (base 4°C) within each 
winter season, “time period” is a categorical 
variable distinguishing the three implemen-
tation time periods (1984 to 1997; 1998 
to 2009; 2010 to 2017), and “ε” represents 
model error. Results showed a strong cor-
relation between vegetative ground cover 
and GDD4, a primary driver of wintertime 
greenness (p-value < 0.000, explaining 32% 
of observed variation), and a strong secondary 
correlation with the time periods of increas-
ing WCC implementation (p-value < 0.000, 
explaining 37% of observed variation), with 
an overall model goodness of fit (R2) of 0.69. 
Thus, using the long-term analysis, the effect 
of WCC implementation on wintertime 
vegetation abundance was clearly detected 
(measured using the time period variable), 
despite the strong influence of interannual 
variability in wintertime growing conditions 
(measured using GDD4).

SWAT Modeling. SWAT model results 
using the 10-year average (2008 to 2017) 
of simulated leaching from croplands (corn 
and soybean) during the winter period 
(September 1 to March 31) indicated NO3

– 

leaching of 26.2 kg N ha–1 y–1 under baseline 
(no cover crop) conditions (table 5). Annual 
baseline loads ranged from 19.7 to 35.8 kg 
N ha–1, with variation depending strongly 
(R2 = 0.73) on observed precipitation, which 
strongly affected leaching processes, and 
a nonsignificant relationship (R2 = 0.09) 
between NO3

–  leaching and accumulated 
wintertime growing degrees in the absence 

4, figure 4). This observation was in accor-
dance with the perennial nature of alfalfa and 
hay crops, and the frequency of cover crop 
occurrence following each type of summer 
row crop (table 3). Note that there appears 
to be a change in the CDL classification in 
2010 that led to an anomalous separation of 
full season and double crop soybeans for that 
year (figure 4). 

Trends in wintertime vegetative ground 
cover, as determined using satellite imagery 
analysis, were expected to increase over time, 
in parallel with increasing cover crop imple-
mentation. However, within the 10-year 
data set overlapping with the CDL period 
of record, any such trends were obscured 
by variability in wintertime climate. While 
a general nonsignificant trend was observed 
toward increased occurrence of nonminimal 
vegetative cover (slope = 1.7, R2 = 0.28), the 
year-to-year variation in climate and agron-
omy had a strong influence on the prevalence 
of wintertime vegetation, such that years 
with a late harvest of summer crops and poor 
weather for cover crop establishment and 
growth exhibited minimal vegetation across 
the landscape. In contrast, years with favor-
able cover crop planting conditions and warm 
winter conditions promoted increased cover 

crop growth, along with increased levels of 
green vegetation throughout the landscape.

There appeared to be covariation between 
wintertime growing conditions (GDD4 
accumulated from November 15 through 
March 1) and prevalence of nonminimal 
biomass (figure 5). Years with warm weather 
and abundant rainfall (2011, 2015 to 2017; 
figure 5, table 5) exhibited higher levels of 
vegetation, while years with colder winter 
temperatures (2012 to 2014; figure 5, table 
5) and drought during the cover crop plant-
ing season (2013) exhibited reduced levels of 
wintertime vegetation. However, 2009 and 
2010, the years with lowest implementa-
tion of cover crops, also exhibited the lowest 
wintertime vegetation, apart from the cold 
drought year of 2013. 

Wintertime Ground Cover Analysis: 
1984 to 2017. When vegetation analysis was 
expanded to a longer time period (1984 
to 2017) using the calculated long-term 
cropland mask, results (figure 6a) showed 
increasing levels of medium-high vegetation 
(NDVI > 0.4) over time, with interannual 
variation strongly correlated to wintertime 
growing temperatures (GDD4 accumulated 
between November 15 and March 1), and 
long-term trends associated with implemen-
tation of WCC. 

Figure 2
Annual area of summer row crops determined using Cropland Data Layer (CDL), annual area of 
planted cover crops, and percentage of summer row crop fields enrolled in the Maryland cover 
crop cost-share program, Tuckahoe Creek watershed, 2008 to 2017.
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of WCC. The years with highest loads (2009, 
2012, and 2013) were also the years with 
highest observed rainfall (table 5). 

Compared to the baseline scenario, sim-
ulated WCC implementation substantially 
reduced NO3

–  leaching by 25% to 96% 
depending on annual climate and WCC 
scenario (table 6), with 10-year average load 
reductions of 40% to 85% depending on 
WCC species and planting date. These sce-
narios assumed that 100% of cropland was 
planted to each individual WCC type (spe-
cies and planting date combination). The 
percentage reduction in NO3

–  leaching was 
not strongly correlated with the magnitude 
of baseline load, but rather seemed to reflect 
the favorability of climate for WCC growth, 
relative to the influence of observed precip-
itation on leaching processes. Cover crop 
performance (table 6) was strongly correlated 
to accumulated wintertime growing degrees 

(table 5) for late-planted WCC (R2 = 0.65 to 
0.74 for the various species) but was not as 
well correlated for early-planted WCC (R2 = 
0.07 to 0.26), likely because the cover crops 
achieved the bulk of their N sequestration in 
the warmer month of September. The years 
with warmest winter weather (2011 and 
2015 to 2017) were also the years with high-
est performance of late-planted WCC.

The NO3
–  leaching reduction efficiency 

of WCC varied greatly according to plant-
ing date and species (table 6, figure 7). The 
difference in performance among planting 
dates was substantial, with early-planted spe-
cies (10-year average) reducing leaching by 
an additional 8%, 13%, and 18% compared 
to standard planting dates, and by an addi-
tional 27%, 35%, and 38% relative to late 
planting dates, for rye, barley, and wheat, 
respectively (table 6). The increased perfor-
mance of early-planted WCC results from 

increased access to climate conditions favor-
able to growth (warmer temperature and 
longer growing days) in the early days of 
autumn. In practice, cover crops benefit from 
being planted as soon as possible after row 
crop harvest, or even earlier using interseed-
ing methods. The benefit of quick planting 
to utilize warm weather for growth while it 
is available is substantial, as fall temperatures 
quickly cool toward winter. For this reason, 
the MACS program increases payment rates 
to incentivize early planting dates.

The difference in performance among 
WCC species became more pronounced 
with later planting dates (table 6, figure 7), 
due to the greater cold tolerance of rye rela-
tive to barley and wheat. Rye WCC reduced 
NO3

–  leaching by an additional 3% and 7%, 
respectively, over barley and wheat at the 
early planting date, an additional 8% and 
17% at the standard planting date, and an 

Table 4
Percentage of each summer row crop type falling within subsequent wintertime vegetative abundance classes (minimal, low, medium, and high), 
determined through satellite imagery analysis. Vegetation thresholds were established using the Normalized Difference Vegetation Index (NDVI), 
including fields with minimal vegetation (0.10 < NDVI < 0.29, includes bare soil and nonphotosynthetic crop residue), and fields with low (0.29 < NDVI 
< 0.40), medium (0.40 < NDVI < 0.53), and high (0.53 < NDVI < 0.99) levels of vegetation. The threshold values of 0.29, 0.40, and 0.53 correspond to 
approximately 100, 200, and 500 kg ha–1 of aboveground biomass (Prabhakara et al. 2015). The previous summer’s row crop type was determined 
using the annual Cropland Data Layer (https://data.nal.usda.gov/dataset/cropscape-cropland-data-layer).

Row crop
type Class 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Corn Minimal (%) 20 22 14 3 6 22 18 2 5 11
 Low (%) 25 31 22 7 10 38 27 6 17 19
 Medium (%) 31 30 33 22 29 26 30 16 34 27
 High (%) 24 17 31 69 54 14 26 76 44 43
Full season Minimal (%) 21 20 43 10 12 22 13 4 6 42
soybeans Low (%) 27 31 32 18 35 37 31 12 17 34
 Medium (%) 34 32 18 42 40 30 37 25 35 15
 High (%) 18 17 7 30 13 11 20 60 42 9
Double crop Minimal (%) 52 53 20 31 43 51 38 13 12 20
soybeans Low (%) 27 26 32 31 32 29 32 20 28 31
 Medium (%) 16 14 35 27 20 15 19 28 34 30
 High (%) 6 7 13 11 5 5 11 40 26 19
All row crops Minimal (%) 30 30 21 12 22 34 24 6 7 19
 Low (%) 26 30 27 15 23 34 30 12 21 25
 Medium (%) 27 26 31 27 27 22 27 23 34 26
 High (%) 17 14 21 46 28 10 19 59 37 29
Hay Minimal (%) 14 1 3 1 2 3 1 1 0 2
 Low (%) 26 7 15 5 11 8 5 2 2 7
 Medium (%) 33 21 41 33 42 33 20 14 17 22
 High (%) 28 71 41 60 45 56 75 83 81 69
Alfalfa Minimal (%) 13 1 1 0 0 8 3 3 0 1
 Low (%) 21 3 3 1 6 14 4 3 2 3
 Medium (%) 22 9 16 11 13 18 12 3 12 14
 High (%) 44 88 80 87 80 60 81 91 86 82
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additional 12% and 18% at the late planting 
date. The difference among species per-
formance (growth rate relative to growing 
degree accumulation) was established within 
the SWAT model (Yeo et al. 2014; Lee et al. 
2016) based upon one year of remote sens-
ing performance analysis reported by Hively 
et al. (2009), and it is likely that the relative 
contributions of wheat, barley, and rye vary 
somewhat depending on each year’s climate. 
In practice, additional WCC species includ-
ing triticale, forage radish, and rapeseed can 
also provide substantial water quality bene-
fits, although these species were not modeled 
due to lack of sufficient input data.

Combining SWAT Model Output with 
Observed Trends in Cost-Share Enrollment. 
To arrive at an overall estimation of cover 
crop performance, the SWAT-derived esti-
mates of annual WCC efficiency, segmented 
by species and planting date category, were 
combined with observed patterns of WCC 
implementation recorded by the MACS 
cost-share program database (tables 2 and 3). 
By combining 10-year average SWAT load 
reductions (table 6) with 10-year average 
MACS WCC implementation data (tables 
2 and 3), the overall 10-year outcome of 

Figure 4
Percentage of cropland falling within certain categories of wintertime vegetative cover, calculated from satellite Normalized Difference Vegetation 
Index (NDVI) vegetation analysis and separated by preceding summer crop type from Cropland Data Layer (CDL), including (a) percentage of crop 
type exhibiting nonminimal wintertime vegetation (NDVI > 0.29), and (b) percentage of crop type exhibiting medium-to-high levels of vegetation 
(NDVI > 0.40), Tuckahoe Creek watershed, 2008 to 2017.
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Figure 3
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observed WCC implementation was esti-
mated to be a 25% annual reduction in N 
leaching from cropland.

The 10-year average of observed WCC 
implementation was as follows: WCC 
planted on 41% of cropland with a distri-
bution of 68.1% wheat (14.7% early, 18.8% 
standard, and 34.7% late), 16.1% barley (8.0% 
early, 6.5% standard, and 1.6% late), 7.2% rye 
(2.8% early, 1.9% standard, and 2.6% late), 
and 8.6% miscellaneous species (assumed 
for these calculations to behave similarly to 
early-planted wheat, although data were not 
available to correctly model these minority 
species). Were the 10-year observed distri-
bution of species and planting dates to be 
implemented on 100% of row crop fields, 
the reduction in cropland leaching would 
increase to 60%. 

In comparison, a best-case WCC manage-
ment scenario of 100% early rye planted on 
100% of cropland was estimated to reduce 
N loads by 85%; a scenario of 100% late 
wheat planted on 100% of cropland reduced 
N loads by 40%; a scenario of 100% early 
rye on 41% of cropland resulted in a 35% 
reduction; and a worst-case WCC manage-
ment scenario of 100% late wheat on 41% 
of cropland resulted in a 16% reduction. If 
the observed 10-year distribution of species 
(68.1% wheat, 16.1% barley, and 7.2% rye, 
plus 8.6% miscellaneous species modeled as 
early wheat) was planted on 100% of crop 
land, 100% within one of the date ranges, 
then reductions of 79%, 64%, and 45% would 
be expected to result for early, standard, and 
late date ranges, respectively.

In 2016, the year of record with the most 
cover crop implementation, cover crops were 

planted on 64% of cropland (table 3). Using 
the observed ratio of WCC species planted 
in 2016 (76.5% wheat, 8.4% barley, and 6.9% 
rye, plus 8.2% miscellaneous species modeled 
as early wheat; Soroka et al. 2019) reductions 
of 51%, 41%, and 29% would be expected 
to result if all WCC were planted in either 
the early, standard, and late date ranges, 
respectively. Using the actual distribution 
of planting dates observed in 2016 (27% 
early, 22% standard, and 52% late; Soroka et 
al. 2019) on 64% of row crop fields, a 38% 
reduction in N leaching loads was predicted 
to have resulted from WCC planted on 
farmland within the Upper Tuckahoe water-
shed in 2016. 

Summary and Conclusions
The use of WCC has been identified by 
the Chesapeake Bay Program partner-

Figure 5
Percentage of cropland falling within certain categories of wintertime vegetative cover for (a) all row crops and (b) corn crops, calculated from satellite 
vegetation analysis, with growing degrees (base 4°C, GDD4) accumulated between November 15 and March 1, Tuckahoe Creek watershed, 2008 to 2017.
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Table 5
Soil and Water Assessment Tool (SWAT) model estimates of annual variation in baseline nitrate leaching from cropland in the Upper Tuckahoe water-
shed, resulting from interannual variation in climate, using historically accurate weather input data. Baseline load (kg N ha–1 nitrate leaching from 
croplands) represents the no-cover-crop scenario. Data are reported for the SWAT simulation winter time period (e.g., “2008” = September 1, 2008, 
to March 31, 2009).

Factor  2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 Average

Baseline nitrate 19.7 35.8 25.3 20.1 28.5 30.9 27.6 26.6 20.5 27.0 26.2
leaching (kg N ha–1)
Precipitation (cm), 41 81 44 43 63 62 59 56 54 47 55
Sept. 1 to Mar. 31
Growing degrees, 654 705 647 906 615 624 571 1,510 1,389 1,216 884
Sept. 1 to Mar. 31
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tation against the background of climate 
variability. When applying multidate remote 
sensing techniques to WCC vegetation 
analysis, care must be taken to contextual-
ize results within annual weather patterns, 
and to accurately represent the spatial dis-
tribution of management practices through 
time. Future efforts would benefit by incor-
porating a site-specific, process-based WCC 
growth model to simulate WCC nutrient 
dynamics in the context of soils and climate.

While WCC implementation is consid-
ered to be among the most effective best 
management practices for reducing nutrient 
and sediment loss from farmland, we know 
comparatively little about the interannual 
performance of WCC at the landscape scale. 
The novel combination of SWAT modeling 
with WCC growth parameters derived from 
satellite remote sensing, accurate climate data, 
and accurate WCC implementation records 
helped to address this question. From 2008 
to 2017, observed levels of WCC implemen-
tation were estimated by the SWAT nutrient 
loading model to have reduced NO3

– leach-
ing from cropland in the Upper Tuckahoe 
watershed by 25%. Year-to-year simulated 
performance of WCC depended strongly 
on the weather, with warm winters result-
ing in a greener landscape, and wet winters 
resulting in increased NO3

– leaching. Using 
the distribution of WCC species, planting 
dates, and percentage of cropland enrolled in 
WCC that was observed in 2016 (the year 
with highest WCC cost-share enrollment), 
the SWAT model predicted a reduction of 
38% in annual wintertime NO3

– leaching 
from cropland. 

The increase in the use of WCC over 
the 10-year study period and the associ-
ated increase in estimated reductions in N 
leaching were substantial. However, in the 
Tuckahoe Creek watershed, as elsewhere on 
the Eastern Shore of Chesapeake Bay, late-
planted wheat composed a large portion of 
the cover crop implementation (34.7% of 
all WCC planted between 2008 and 2017), 
with considerably diminished environmental 
effectiveness relative to earlier planting dates 
and more cold-tolerant WCC species. There 
is a clear opportunity to increase the effec-
tiveness of WCC by shifting toward earlier 
plantings of the most effective WCC species, 
planted in a manner that establishes abundant 
growth prior to the onset of winter.

This study demonstrated that there are 
several avenues to increasing the envi-

Figure 6
(a) Percentage of long-term cropland in the Tuckahoe Creek watershed exhibiting medium-high 
levels of vegetation (NDVI > 0.4) calculated from satellite vegetation analysis, with growing 
degrees (base 4°C, GDD4 divided by 5 for display purposes) accumulated between November 
15 and March 1, for three time periods of increasing winter cover crop (WCC) implementation 
(1984 to 1997; 1998 to 2009; 2010 to 2017); and (b) relationship between the percentage of 
long-term cropland exhibiting medium-high levels of vegetation and accumulated wintertime 
growing degrees (GDD4) for three time periods of increasing WCC implementation.

90

80

70

60

50

40

30

20

10

0

90

80

70

60

50

40

30

20

10

0

50,000

45,000

40,000

35,000

30,000

25,000

20,000

15,000

10,000

5,000

0

G
D

D
4/

5
Pe

rc
en

ta
ge

 m
ed

iu
m

-h
ig

h 
ve

ge
ta

tio
n 

on
 c

ro
pl

an
d

Pe
rc

en
ta

ge
 m

ed
iu

m
-h

ig
h 

ve
ge

ta
tio

n 
on

 c
ro

pl
an

d

W
inter cover crop enrollm

ent (ha)

(a)

(b)

1980 1985 1990 1995 2000 2005 2010 2015 2020

0 50 100 150 200 250 300 350 400 450 500

1984 to 1997

1984 to 1997
Linear (1984 to 1997)

1998 to 2009
Linear (1998 to 2009)

2010 to 2017
Linear (2010 to 2017)

1998 to 2009 2010 to 2017 GDD4/5 Cover crop 
enrollment

Legend

Legend

GDD4 Nov. 15 to Mar. 1

y = 0.1022x – 174.59

R2 = 0.002

y = 1.3274x – 2,616.4

R2 = 0.0375

y = 0.1357x + 19.515

R2 = 0.8207

y = –0.3241x + 691.06

R2 = 0.012

y = 0.065x + 24.186

R2 = 0.3808

y = 0.0494x + 16.992

R2 = 0.0912

ship as a critical management practice for 
reducing the loss of nutrients and sediments 
from farmland, and the planting of cover 
crops has been subsidized and promoted by 
the Maryland Department of Agriculture, 
resulting in widespread interest on the part 
of farmers. In the Tuckahoe Creek subwa-
tershed of the Choptank River, cost-share 
enrollment records document that WCC 
were planted on <3% of cropland prior to 
1997, rising to 17% of row crop fields in 
2008 (27% of corn fields and 9% of soy-
bean fields), and that usage increased rapidly 
beginning in 2010, rising to 64% of row crop 

fields by 2016 (89% of corn fields and 46% 
of soybean fields). 

In the 10-year time period for which the 
CDL was available (2008 to 2017), winter-
time growing conditions were the strongest 
driver of wintertime vegetation abundance, 
overwhelming the effects of WCC imple-
mentation, which was relatively high 
throughout most of the period. However, 
use of a long-term remote sensing data set 
(1984 to 2017) showed a highly significant 
increase in wintertime greenness associated 
with moderate (1998 to 2009) and high 
(2010 to 2017) levels of WCC implemen-
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ronmental benefits associated with WCC: 
(1) plant earlier, (2) plant effective spe-
cies, and (3) increase implementation area. 
Although beyond the scope of this study, it 
is also important to use appropriate planting 
methods and equipment that achieve good 
establishment, to use improved WCC seed, 
and to target physical and temporal niches 
within the landscape and crop rotation that 
have high risk of N leaching. 
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