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Abstract: The Southern High Plains of Texas is a semi-arid agricultural region that is vulnerable to soil 
erosion and water scarcity. Winter cover cropping, the practice of sowing crops during the winter season 
specifically for ecological benefits rather than for harvest, is a potential strategy for reducing erosion. 
However, trends in cover crop adoption and their effects on water dynamics in the region are insufficiently 
understood. In partnership with the Sandhills Area Research Association, Bamert Seed Company, and Texas 
A&M AgriLife, the NASA DEVELOP team used field data from farmers and Harmonized Landsat and 
Sentinel-2 (HLS) imagery to test the feasibility of mapping winter cover cropping in the region, characterize 
spatial patterns in winter cover crop adoption, and explore evapotranspiration and soil moisture trends on 
winter cover cropped fields using a research site as a case study. The team developed a random forest model 
to detect winter cover-cropped fields and compared outputs to a cover crop classification algorithm that 
collaborators at the United States Department of Agriculture and United States Geological Survey initially 
developed for Maryland. The model results indicated that cover crop mapping in the region was improved by 
incorporating diverse vegetation and soil indices, termination detection, and field data from farmers. 
Preliminary results from satellite-derived evapotranspiration and soil moisture data showed that cover crops 
impact water availability, but further validation is needed. These results supported the partners in evaluating 
cover crop adoption, assessing cover crop impacts on water supply, and informing future research in the 
region. 
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1. Introduction 
1.1 Background 
The Southern High Plains of Texas is a semi-arid region characterized by low annual rainfall, clay to sandy 
loam soils, and flat plains (Cronin & Myers, 1964; Texas Almanac, 2021). As a result of the region’s 
topography, long growing seasons, fertile soil, and proximity to the Ogallala Aquifer, agriculture is the 
primary industry, dominated by cotton production (Soil Health Institute, 2023). In the early twentieth century, 
farmers converted large areas of native rangeland to cropland, replacing deep-rooted perennial vegetation, 
which previously anchored the soil, with seasonal cropping systems. This land use exposes soil to erosion, 
especially during fallow periods, when fields are bare and unprotected. At the same time, the region’s 
dependence on the Ogallala Aquifer for irrigating water-intensive cotton has contributed to declining 
groundwater levels, as extraction has exceeded natural recharge (Allen, 2004; Texas Parks and Wildlife 
Department, n.d.). 
 
One solution to addressing soil erosion is cover cropping over the winter season. Cover cropping is the 
practice of sowing crops specifically for ecological benefits rather than for harvest. By covering the soil 
during the off-season and stabilizing it with their root systems, cover crops reduce soil erosion. Cover 
cropping can also improve soil health, enhance nutrient cycling and carbon storage, and reduce runoff and 
nitrogen loss (Yousefi et al., 2024). The performance of cover crops varies with crop type, climate conditions, 
and management practices such as tillage and termination method. Some studies reported that cover cropping 
improves subsequent crop water use efficiency by up to 5% through reduced evapotranspiration, though this 
effect may differ in dryland areas where there are higher evapotranspiration rates (Yousefi et al., 2024). In 
Lubbock County, Baxter et al. (2021) found that no-till cover crops did not reduce soil moisture compared to 
fallow areas, based on field measurements. However, regional trends in cover crop adoption and their effects 
on water supply are insufficiently understood. 
 
1.2 Remote Sensing 
Remote sensing approaches provide an opportunity to extend analyses of cover cropping across multiple 
counties in Texas. Previous studies, including Ahmed et al. (2023) and Hively et al. (2015), demonstrated that 
spectral indices like the Normalized Difference Vegetation Index (NDVI) are effective for detecting winter 
cover crop vegetation, crop residue, and tillage patterns. Additional studies demonstrated that it is feasible to 
use remotely sensed surface temperature and reflectance data to calculate the surface energy balance and 
estimate evapotranspiration of agricultural crops (Allen et al., 2007; Laipelt et al., 2021). Building on these 
methods, this project aimed to test the feasibility of mapping winter cover cropping in the Southern High 
Plains of Texas, characterize spatial patterns in winter cover crop adoption, and explore evapotranspiration 
and soil moisture trends on winter cover cropped fields using a research site as a case study. 
 
1.3 Partners 
To conduct this study, the team partnered with the Sandhills Area Research Association (SARA), Bamert 
Seed Company, and Texas A&M AgriLife Research. SARA, a non-profit organization that supports the 
region’s agricultural community and advances sustainability through educational programs and partnerships, 
wanted to explore how remote sensing techniques can provide insights on cover cropping in the region. 
Bamert Seed Company is a private company that breeds and supplies native seeds, including varieties locally 
grown as cover crops. The company was interested in better understanding how cover cropping influences 
water supply in the region, which could guide their approach to cover crop selection and use. Texas A&M 
AgriLife Research, a state agricultural research agency within the Texas A&M University System, sought to 
gather more data on the benefits and tradeoffs of cover cropping in the region so that they can share 
evidence-based insights with farmers making management decisions. The team also collaborated with 
researchers at the United States Department of Agriculture (USDA) Agricultural Research Service (ARS) and 
the United States Geological Survey (USGS) who have been developing a remote sensing cover crop 
classification algorithm for Maryland (Maryland Model). By applying the Maryland Model algorithm to the 
Southern High Plains of Texas and comparing its outputs to those from a random forest model that the team 
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developed specifically for the region, the team aimed to provide resources that directly support partners in 
evaluating cover crop adoption and its impacts in the region. 
 
1.4 Study Area 
The study area covered eight counties in the Southern High Plains of Texas: Bailey, Lamb, Hale, Hockley, 
Lubbock, Terry, Lynn, and Dawson (Figure 1). The High Plains of Texas receive approximately 12 to 21 
inches of rainfall a year, with periodic drought conditions and extreme windstorms (Allen, 2004; Texas Parks 
and Wildlife Department, n.d.). The study period for the cover crop mapping spanned from 2024 to 2025 to 
align with availability of results from the Maryland Model. The study period for the evapotranspiration and 
soil moisture case study spanned from 2016 to 2024 to align with availability of Landsat and OpenET data. 
 

 
Figure 1. The study area covered eight counties in the Southern High Plains of Texas: Bailey, Lamb, Hale, 

Hockley, Lubbock, Terry, Lynn, and Dawson. 
 

2. Methodology 
2.1 Data Acquisition  
To define the study area, the team acquired Texas county polygons from the Texas Department of 
Transportation’s open data portal (Texas Department of Transportation, 2025). The team acquired crop 
information for the eight counties of interest from the 2024 Cropland Data Layer (CDL) using the USDA’s 
CropScape web service (USDA National Agricultural Statistics Service, 2024). The CDL provided annual 
crop-specific land cover information at 30-meter resolution based on the year of harvest. The dataset was 
created from a combination of satellite imagery and ground reference data. The 2024 CDL included over 130 
categories for crop types, as well as a “cultivated layer” that classified pixels based on whether they were 
cultivated or not from 2020 to 2024. 
 
For assessing winter cover crop adoption in the study area, the team acquired a raster file containing outputs 
from the Maryland Model, which the USDA-ARS and USGS collaborators had applied to the Texas study 
area for the 2024–2025 winter season. The model used satellite imagery from the Harmonized Landsat and 
Sentinel-2 (HLS) product to detect seasonal patterns at 30-meter resolution. It assigned each pixel a value 
from 1 to 10 to represent the likelihood that the pixel had a winter cover crop, with 10 corresponding to the 
highest likelihood, a value of 255 if no winter cover crop was detected, or a value of 253 if there was no data 
available for that pixel. 
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To both explore the Maryland Model outputs and to build a new random forest classification model tailored 
to the study area, the team used Google Earth Engine to acquire surface reflectance data from Harmonized 
Landsat Sentinel-2 Operational Land Imager Surface Reflectance and TOA Brightness Daily Global 30m v2.0 
(Masek et al., 2021). The HLS product combines data from sensors aboard NASA and European Space 
Agency (ESA) satellites, including Landsat 8’s Operational Land Imager (OLI), Landsat 9’s OLI-2, and 
Sentinel-2’s Multi-Spectral Instrument (MSI; Table 1). Combined, HLS provides observations every two to 
three days at 30-meter resolution. Using Google Earth Engine, the team retrieved images of the study area 
between 2024 and 2025. 

 
Partners at SARA and Texas A&M AgriLife provided essential field data on cover cropping practices in the 
study area. They shared survey responses from farmers with information on locations and farm management 
history for eleven fields, five of which had data from the 2024–2025 season. Texas A&M AgriLife provided 
detailed management information from 2014 through 2025 for four research fields within the Agricultural 
Complex for Advanced Research and Extension Systems (AG-CARES). The AG-CARES site included 
adjacent winter cover cropped and non-covered fields with similar soil types and environmental conditions. 
The field composition and comprehensive management data made it an ideal site for a case study exploring 
the relationship between winter cover cropping, evapotranspiration, and soil moisture. 
 
The team acquired evapotranspiration data through Google Earth Engine’s data catalog from 2016 to 2024 
from OpenET Ensemble Monthly Evapotranspiration v2.0 (Melton et al., 2021), which used outputs from six 
evapotranspiration models (Table A1). Each model produced an estimate of the monthly total water, in 
millimeters, transferred from the land to the atmosphere via evapotranspiration at a 30-meter resolution. 
OpenET’s ensemble model averaged total millimeters per month across the six models and removed outliers 
using the median absolute deviation method described in Hampel (1974). Earth observations for the six 
evapotranspiration models primarily came from Landsat thermal and optical imagery. To gather data needed 
for soil moisture analysis, the team used Google Earth Engine to acquire Landsat 8 Operational Land Imager 
and Thermal Infrared Sensor (OLI/TIRS) and Landsat 9 OLI-2/TIRS-2 for both surface reflectance and 
land surface temperature (Table 1). 
 
Table 1 
Earth observations 

Platform & Sensor Data Type & Resolution 

Landsat 8 OLI & TIRS 
Surface reflectance and land surface temperature; 30-meter resolution, 16-
day revisit time 

Landsat 9 OLI-2 & TIRS-2 
Surface reflectance and land surface temperature; 30-meter resolution, 16-
day revisit time 

Sentinel-2 MSI Surface reflectance; 10-meter resolution, 2–3-day revisit time 

 
2.2 Data Processing 
2.2.1. Maryland Model 
Preparing the Maryland Model outputs for analysis involved using ArcGIS Pro (3.5.0) to clip the raster file to 
the CDL’s “cultivated layer,” thereby filtering the model results to cultivated land only. To explore the 
model’s predictions for cropland planted with different cash crops, the team created crop masks for the three 
most prevalent crops in the study area: corn, cotton, and sorghum. These masks were created by reclassifying 
the crop values in the CDL so that the crop type of interest was assigned a value of “1” and all other crop 
types were assigned as “no data.” In Maryland, where the model was initially refined, a likelihood score of 3 
or above usually indicated the presence of winter cover crops. To assess how the Maryland Model’s likelihood 
threshold performed in the study area, the team used ArcGIS Pro to reclassify the clipped Maryland Model 
raster and create a binary mask. The binary mask assigned all pixels with a likelihood score of 3 and above a 
value of “1,” and all other pixels were assigned a “no data” value. Additionally, to enable comparison between 
the model outputs and the nine fields with farmer-provided management data, the team used ArcGIS Pro to 
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manually create polygons for the five production fields and four research fields with 2024–2025 data, with a 
30-meter inward buffer to avoid contamination from edge pixels. 
 
2.2.2. Random Forest Model 
Preparing the acquired datasets for the random forest model involved three main steps: processing the HLS 
imagery, generating training data, and preparing predictor variables. To process the acquired HLS imagery, 
the team developed a script in Google Earth Engine to mask out clouds and cloud shadows by scaling 
reflectance values to top-of-atmosphere reflectance by multiplying them by 0.0001 and removing blue band 
and shortwave infrared band pixels that were too bright and had a reflectance value of less than 0.25. With 
the cloud mask applied, the team’s script used the cloud-free pixels to create a monthly composite using the 
median value of each spectral band for each pixel. The team then used this processed imagery as part of the 
training data generation process. 
 
Random forest classification models are ensemble learning models that learn to classify new data based on a 
set of training data. Generally, more training points lead to greater accuracy. The farmer-provided data on five 
fields in the study area with 2024–2025 data were highly valuable for validating the model’s results, though 
the sample size was limited for training a model, so the team developed a process to generate training points. 
The team used ArcGIS Pro to generate 304 random points within the “cultivated layer” of the CDL in the 
study area, divided equally across the eight counties. The randomized points were then imported into Google 
Earth Engine, where the team’s script generated two median composites of HLS true-color imagery for the 
months of February and May, 2025. Using this imagery, the team visually inspected each randomized data 
point and recorded whether the field that the point was located within appeared green or brown in February 
and in May, as well as which crop the CDL reported was harvested from that pixel in 2024. If a pixel 
appeared green in February but brown in May, it was classified as having a winter cover crop. These months 
were selected because February was when cover crop vegetation typically peaked in the study area, as analyses 
of the ground-truth data showed, and May was after winter cover crops were usually terminated but before 
summer crops emerged (Figure 2). Some crops in the study area, like winter wheat, are commonly planted in 
the fall, grown over the winter and spring, then harvested in the summer. While such crops do provide winter 
cover, for the purpose of this project, winter crops were only considered cover crops if they were terminated 
in the spring, rather than grown for later harvest. Consequently, fields that were green in both February and 
May were not classified as winter cover crops. 
 

 
Figure 2. True-color HLS images of the AG-CARES research field in February and May 2025. Field 1 did not 
use cover cropping, Field 9 had cereal rye cover crop planted in winter and terminated in spring, and Field 8 

was planted with winter wheat for summer harvest. 
 
The majority of the 304 randomized points were classified as not having winter cover crops. To gain a better 
balance in the training data, the team opportunistically selected 145 additional points, covering pixels that 
showed evidence of winter cover crops as well as pixels that showed evidence of winter cover that was not 
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terminated in the spring. Because termination is an essential feature of winter cover cropping, the team 
sought to generate enough training data for the model to learn to differentiate between winter cash crops 
grown for summer harvest and winter cover crops that were terminated in the spring. In total, the team 
generated 449 points, which included 156 points with winter cover crops, 35 points with winter cash crops 
that were still green in May, and 258 points that had no winter cover. These data points were then imported 
into Google Earth Engine to train the random forest model. 
 

 
Figure 3. Monthly NDVI of a winter cover cropped field with cover crop planting and termination dates 

provided by the farmer. 

Random forest classification models require a defined set of predictors, which are features used to predict 
how to classify each new data point. To build the random forest model, the team developed a Google Earth 
Engine script that selected thirteen predictors based on five indices (Table A2). These predictors were 
selected due to their capacities to detect seasonal patterns associated with winter cover cropping, like changes 
in NDVI (Figure 3). NDVI calculates the difference between spectral values in the near-infrared and red 
bands, and it can serve as a proxy for vegetative health (Equation 1; Rouse et al., 1973). The random forest 
used seven predictors based on NDVI, including median NDVI, minimum and maximum NDVI in the 
previous summer, minimum and maximum NDVI in the winter, the difference in median NDVI between 
February and May, and the difference in peak NDVI in February–March and low NDVI in April–May. The 
random forest model used two predictors based on the Normalized Burn Ratio (NBR) and the Bare Soil 
Index (BSI). NBR uses reflectance in the near-infrared and short-wave infrared bands to assess burn severity 
and burned areas, which can serve as a proxy for bare soil to enable cover crop termination detection 
(Equation 2; Key & Benson, 2006). BSI identifies areas with bare soil by calculating relationships between the 
shortwave infrared, near-infrared, red, and blue bands (Equation 3; Rikimaru et al., 2002). The predictors for 
NBR and BSI calculated the difference in index values between February and May as well as the difference 
between the peak index value in February–March and the low index value in April–May. Finally, model 
predictors also included the Normalized Difference Red Edge (NDRE; Gitelson et al., 1996) and the 
Normalized Difference Moisture Index (NDMI; Gao, 1996). NDRE is commonly used to measure crop 
health by detecting chlorophyll levels in the near-infrared and red edge parts of the electromagnetic spectrum 
(Equation 4). NDMI uses reflectance in the near-infrared and shortwave infrared bands to measure the water 
content in vegetation (Equation 5). Together, these thirteen indices provided complementary measures of 
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vegetation, bare soil, and moisture dynamics, enabling the random forest model to learn to distinguish winter 
cover crop presence and absence. Once the random forest model was trained, the team downloaded the 
outputs and used ArcGIS Pro 3.5 to reproject the data to the Conus Albers Equal Area Projection (EPSG 
5070) to ensure accurate spatial alignment and suitability for calculations involving area. 
 

NDVI =
NIR–Red

NIR+Red
(1) 

 

NBR = 
NIR–SWIR

NIR+SWIR
(2) 

 

BSI =
(SWIR+Red)–(NIR+Blue)

(SWIR+Red)+(NIR+Blue)
(3) 

 
 

NDRE=
NIR-REI

NIR+REI
(4) 

 

 

NDMI =
NIR–SWIR1

NIR+SWIR1
(5) 

 
2.2.3 Evapotranspiration and Soil Moisture Data 
Out of the four fields from the AG-CARES research site, fields 7 and 8 were both winter wheat/cotton 
rotations. Fields 1, 8, and 9 were chosen because of their proximity to each other. The team processed HLS 
data to calculate median monthly NDVI aggregated over each polygon for fields 1, 8, and 9 at the AG-
CARES site from 2016 to 2024. Median monthly NDVI was aggregated for each polygon by taking the 
median value of the pixels in each polygon. This time period was selected to align with the availabilities of 
HLS data on NDVI, OpenET data, and AG-CARES management history. The OpenET evapotranspiration 
data were also aggregated across polygons 1, 8, and 9 by taking the monthly median OpenET value for each 
polygon. Landsat 8 OLI/TIRS and Landsat 9 OLI-2/TIRS-2 were merged using Google Earth Engine to 
provide information on land surface temperature for calculating the Soil Moisture Index (SMI). SMI uses land 
surface temperature to calculate the wetness of the topsoil (Equation 6). Median SMI was calculated across 
polygons 1, 8, and 9 individually. 

SMI =
LSTmax–LST

LSTmax–LSTmin
(6) 

 
2.3 Data Analysis 
2.3.1. Maryland Model 
The team conducted several spatial analyses in ArcGIS Pro to assess the performance of the Maryland Model 
in the study area. Using the mask that separated the model outputs into a binary based on a likelihood 
threshold of 3, the team calculated the total percentage of cropland pixels that the Maryland Model predicted 
had winter cover crops. The team also conducted zonal statistics to analyze the distribution of model outputs 
on cropland across the eight counties, then used Microsoft Excel Version 16.103 to visualize the results as a 
bar chart and convert the units to acres. The team used the corn, cotton, and sorghum masks and county 
boundaries polygons in ArcGIS Pro to calculate the distribution of cover crop classifications per county and 
cash crop type. These results were then imported into RStudio Version 2025.09.0+387 to generate box plots 
for each county and into Excel to generate pie charts per cash crop. The team also compared the Maryland 
Model results with the farmer-provided field data by using ArcGIS Pro to calculate the percentage of pixels in 
each field polygon that the model classified as cover cropped. 
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2.3.2. Random Forest Model 
Using the generated training data and prepared predictors, the team ran the random forest model to predict 
which land areas had cover crops in the winter of 2024–2025. The random forest model worked by 
generating many decision trees and then combining their results to make more accurate predictions. Each tree 
used a random subset of the training data and a random subset of the predictors to split the data at each node 
and ultimately make a classification on whether a pixel had a winter cover crop or not. The final prediction of 
whether a pixel was cover cropped or not was based on the majority vote of all the trees. The team set the 
model parameters to build 200 trees, with a minimum leaf population of 1 and a maximum of 50 nodes. The 
model used the k-fold cross-validation method for internal validation. To assess the performance of the 
model, the team calculated the model’s distribution of cover crop classifications for the full study area as well 
as per 2024 cash crop and per county, following the same workflows used to analyze the Maryland model 
outputs. The random forest model results were also compared to the field data using the same workflow. 
 
2.3.3. Model Comparison Analysis 
To compare the outputs of the Maryland model with the team’s random forest model, the team used ArcGIS 
Pro to identify which pixels were classified as a winter cover crop in both models. Winter cover crop 
presence was defined as a likelihood score of 3 or above in the Maryland model and as a positive winter cover 
crop detection in the random forest model. The team calculated the percentage of agreement between the 
models over the full study area and visualized the results as pie charts. 
 
2.3.4. Evapotranspiration and Soil Moisture Analysis at the AG-CARES Research Site 
Time series plots were generated in R version 4.4.2 for polygons 1, 8, and 9 by importing median monthly 
total evapotranspiration data in millimeters, median NDVI, and median SMI data. Plots were constructed 
comparing evapotranspiration and NDVI across the three polygons from 2016 to 2024. Correlation graphs 
were also constructed comparing SMI to NDVI and evapotranspiration to NDVI for all data from 2016 
through 2024. 

 

3. Results 
3.1 Analysis of Results 
3.1.1. Maryland Model 
Overall, the Maryland Model predicted that approximately 9.5% of cropland in the study area had winter 
cover crops in 2024–2025 (Figure 4). Spatial analysis of the model results showed that the Maryland Model 
predicted there would be more winter cover crops in northern counties in the region, like Bailey, Lamb, and 
Hale, as compared to the southern counties like Terry, Lynn, and Dawson (Figure A1). In addition to spatial 
variations, the model’s predicted winter cover crop likelihood scores varied depending on the cash crop 
planted in the preceding 2024 growing season. Areas planted with corn received much higher likelihood 
scores, on average, than areas planted with cotton or sorghum (Figure A2). This distribution per crop type 
varied spatially, as well, with corn cropland in northern counties having higher winter cover crop likelihood 
scores than in southern counties (Figure A3). When tested against the training data, the Maryland Model 
results yielded an overall accuracy of 74.9%. The model’s producer’s accuracy was 72%, higher than its user’s 
accuracy of 46%. This means the model correctly identified 72% of the fields that were actually cover 
cropped in the training data, but only 46% of the fields the model predicted as cover cropped were truly 
cover cropped according to the training data. The lower user’s accuracy indicated a relatively higher rate of 
false positives in the cover crop predictions. 
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Figure 4. Results from the Maryland model for the 2024–2025 winter season, based on HLS data. 

 
3.1.2. Random Forest Model 
Over the entire study area, the random forest model predicted that 10.3% of agricultural land had winter 
cover crops (Figure 5). The random forest model also predicted that winter cover crops were more prevalent 
in northern counties, like Lamb, and Hale, than in southern counties like Terry, Lynn, and Dawson (Figure 
A4). The model performed relatively well when tested against the training data, with an overall accuracy of 
92.6% and even performance across producer’s and user’s accuracy at around 91% each. The model had a 
Kappa coefficient of 0.84, indicating strong performance. 
 

 
Figure 5. Results of the random forest model. 

 
3.1.3. Model Comparison Analysis 
Overall, the Maryland and random forest models agreed on classifications for the majority of agricultural 
land, both agreeing on winter cover crop presence for 4.3% of agricultural land and winter cover crop 
absence for 84.6% (Figure 6). Where they disagreed, the random forest model predicted a larger portion of 
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pixels had winter cover crops than the Maryland Model predicted when using a likelihood score threshold of 
3 and above for the Maryland Model. 
 

 
Figure 6. Results from both models overlaid, indicating areas of disagreement and agreement. 

 
The distribution of cover crop classification per 2024 cash crop showed variation across the two models. Out 
of all fields planted with corn in the 2024 growing season, the Maryland model predicted that 45% had winter 
cover crops in the following 2024–2025 winter season, while the random forest predicted that 25% of corn 
fields had cover crops that winter (Figure 7). For cotton, both models predicted a similar proportion of about 
6–8% of cotton fields having winter cover crops, and the models predicted about 15–22% of sorghum fields 
had winter cover crops. 
 

 
Figure 7. Pie charts representing the proportion of cropland planted with corn, cotton, and sorghum in 2024 

that each model predicted had cover crops or not in the 2024–2025 winter season. 
 

Comparing the classification predictions from both models against farmer-provided field data revealed 
differences in how each model classified specific fields. On the AG-CARES site, both models correctly 
classified fields 1 and 7 as not having winter cover crops (Figure 8). Results were more mixed for field 8, 
which did not have a winter cover crop, but rather winter wheat grown as a cash crop. Like a cover crop, 
winter wheat covered the field in the winter, but unlike a cover crop, winter wheat was not terminated in the 
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spring but instead continued to grow until summer harvest. The random forest model incorrectly classified 
field 8 as cover cropped, suggesting that the model was unable to detect that the field had not been 
terminated in the spring. The Maryland Model’s performance for field 8 depended on the threshold set for 
the likelihood score. If the threshold was 3, the model correctly classified as the field as not being winter 
cover cropped, but if lowered to 1 or 2, the model would have incorrectly classified it as winter cover 
cropped. For field 9, the random forest model correctly classified the field as being winter cover cropped, 
whereas the Maryland Model’s classification again depended on the likelihood threshold. For the five 
operational fields where farmers provided management data for 2024–2025, the Maryland Model with a 
likelihood threshold of 3 correctly classified one field, whereas the random forest model correctly classified 
three out of the five based on the predominant classification of pixels within the field boundaries (Table 4). 
Lowering the Maryland Model threshold would not have changed the overall field-level classifications for 
these fields, based on the majority pixel class per field boundary. 
 

 
Figure 8. Model results for the AG-CARES site. Fields 1 and 7 did not have a winter cover crop, field 9 did 

have a winter cover crop, and field 8 had winter wheat that was not a cover crop but grown for harvest. 
 

Table 4. 
Model Results for Fields with Management Data 

Winter Cover Crop per 
Management Data (Yes/No) 

Maryland Model (% pixels 
predicted as cover cropped) 

Random Forest Model (% pixels 
predicted as cover cropped) 

No No (0%) No (0%) 

Yes No (7%) No (43%) 

Yes No (0%) No (4%) 

Yes No (12%) Yes (100%) 

Yes No (2%) Yes (100%) 

 
3.1.4. Evapotranspiration and Soil Moisture Case Study Analysis at the AG-CARES Research Site 
The case study analysis of the AG-CARES site showed that evapotranspiration generally followed NDVI 
trends. Field 9 had a double peak in NDVI for both the cash crop peak and the cover crop peak (Figure 9). 
The median total annual evapotranspiration values over the nine-year study period indicated that in this case 
study, the cover cropped field, field 9, experienced the highest evapotranspiration (Table A3). Case study 
results showed that higher NDVI was correlated with higher evapotranspiration. For soil moisture, there was 
no correlation between soil moisture and NDVI (Figure 10). 
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Figure 9. Three time series graphs showing the relationships between NDVI and ET from 2016–2024 on 

fields 1, 9, and 8. 
 

 
Figure 10. A time series graph showing the correlation between NDVI and evapotranspiration, as well as 

NDVI and soil moisture. 

 
3.2 Errors & Uncertainties  
At the time this study was conducted, the Maryland Model was still under development and unpublished, so 
the team had a relatively limited understanding of its parameters. This uncertainty complicated interpretation 
of its results. The random forest model was also limited by being trained on data derived from visual 
interpretation of true-color satellite imagery rather than field data. As a result, the training data may have 
included misclassified pixels. Cover crops that were not visibly green in the imagery might have been missed, 
while weeds or residue that appeared green might have been wrongly labeled as cover crops. 
 
For the model comparison, direct evaluation of performance metrics between the two models was limited by 
the inherent bias in how the performance metrics were calculated. Accuracy measurements were derived by 
comparing each model’s outputs to the training data that was used to train the random forest model. The 
team-generated training data was not used in training the Maryland Model. Consequently, it was expected that 
the random forest model exhibited higher accuracy due to inherent bias in the comparison method. 
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Both models classified land at the pixel level, which restricted direct translation to field-scale assessments 
across the study area. Both models indicated that areas planted with corn were more likely to have winter 
cover crops, but the project partners noted these results did not align with their knowledge of growing 
practices in the study area. The models may have incorrectly detected other vegetation signals such as weeds 
or residue; further exploration would be necessary to better understand model behavior on corn cropland. 
More field data would be needed to improve the training, performance, validation, and interpretation of both 
models. For the evapotranspiration and soil moisture assessments, analysis was limited to a single research 
site as a case study, so results from this case study cannot be generalized to the broader region. 

 

4. Conclusions 
4.1 Interpretation of Results 
Both the random forest model and Maryland Model showed that winter cover crops in the Southern High 
Plains of Texas are detectable via remote sensing, but further refinement would be needed before adopting 
these workflows to accurately map cover cropping practices in the region. As the results from the Maryland 
Model on the AG-CARES site showed, using the same winter cover crop likelihood threshold as in Maryland 
reduced accuracy under west Texas conditions. The random forest model results showed that incorporating a 
diversity of vegetation and soil indices, such as BSI and NBR, improved cover crop detection accuracy. In a 
semi-arid region like west Texas, vegetation indices typically exhibit lower values, so cover crop models that 
depend on these indices must be adjusted accordingly for accurate detection. Accurate identification of cover 
crop termination was also critical for reliable mapping. As the results from the model comparison on the AG-
CARES site showed, fields with winter crops that were not terminated but rather grown for harvest posed 
challenges for classification. Refining termination detection would improve model accuracy. Field data on 
cover crop performance, planting dates, and termination dates proved essential for adapting model 
parameters to seasonal vegetation patterns in the region. Field observations from farmers indicated that 
visually inspecting vegetation in February and May aligned with the timing of cover crop vegetation peaks and 
termination. Field data also indicated that successful cover crops in the area sometimes did not appear visibly 
green, which informed the visual classification process. Training cover crop classification models on a large 
quantity of field data, rather than visual interpretations of imagery, would improve true winter cover crop 
detection. Finally, preliminary results from satellite-derived evapotranspiration and soil moisture data showed 
that cover crops impact water availability, but further validation would be needed. 
 
4.2 Feasibility & Partner Implementation 
This feasibility study generated results that our partners can apply and integrate into their ongoing work. 
Broadly, this feasibility study advances the collaboration between NASA and the partners to support 
agricultural communities in the Southern High Plains of Texas, providing a foundation for further 
development of cover crop mapping in the region. SARA, Bamert Seed Company, and Texas A&M AgriLife 
will benefit from the exploration of use cases for NASA Earth observations for agricultural decision-making 
in the region, which can inform future research, initiatives and partnerships. Collaborators at the USDA-ARS 
and USGS can use the results from the model analyses to refine the Maryland Model parameters to better 
match Texas conditions. These findings, along with the gathered field data and insights on regional practices, 
trends, and planting dates, will guide the adaptation and validation of the Maryland Model for the Southern 
High Plains of Texas. Texas A&M AgriLife will also benefit from the results of the AG-CARES case study, 
which provides nine years of monthly, seasonal, and annual evapotranspiration and soil moisture data. These 
outputs will enable comparisons between satellite-derived and in-situ measurements at AG-CARES, 
supporting Texas A&M AgriLife’s research into water resource management and crop sustainability. Overall, 
this project allows partners to further explore remote sensing techniques to understand winter cover crop 
dynamics in the region to inform sustainable crop management decisions. 
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6. Glossary 
AG-CARES – Agricultural Complex for Advanced Research and Extension Systems 
ARS – Agricultural Research Service 
BSI – Bare Soil Index 
CDL – Cropland Data Layer 
Cover crop – a crop grown specifically for ecological benefits rather than for harvest 
dNBR – differenced Normalized Burn Ratio 
Earth observations – Satellites and sensors that collect information about the Earth’s physical, chemical, and 
biological systems over space and time 
ESA – European Space Agency 
Evapotranspiration (ET) – the combined processes that move water from the Earth’s surface into the 
atmosphere, including evaporation from surfaces like soil as well as transpiration from plants 
HLS – Harmonized and Landsat Sentinel-2 
Kappa coefficient – A statistic used to measure the agreement between two classifiers 
Maryland Model – Winter cover crop detection algorithm under development by researchers at the USDA-
ARS and USGS 
MSI – Multispectral Instrument 
NDMI – Normalized Difference Moisture Index 
NDRE – Normalized Difference Red Edge 
 
NDVI – Normalized Difference Vegetation Index 
OLI – Operational Land Imager 
Producer’s accuracy – Measure of how often real-world features are correctly identified by a classifer 
Random forest – Ensemble machine learning model that builds multiple decision trees and determines a 
final classification by aggregating predictions from all trees 
SARA – Sandhills Area Research Association 
SMI – Soil Moisture Index 
TIRS – Thermal Infrared Sensor 
USDA – United States Department of Agriculture 
User’s accuracy – Measure of how often a pixel classified as a particular class by a classifier actually 
corresponds to that class on the ground 
USGS – United States Geological Survey 
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Appendix A: Additional Tables and Figures 
Table A1 
OpenET evapotranspiration models used to calculate the Ensemble value 

OpenET Ensemble Models 

LEXI/DisALEXI (version 0.0.32) 

eeMETRIC (version 0.20.26) 

geeSEBAL (version 0.2.2) 

PT-JPL (version 0.2.1) 

SIMS (version 0.1.0) 

SSEBop (version 0.2.6) 

 
Table A2 
Predictors for the random forest model 

Median NDVI Median NDVI difference between February and May 

NDVI maximum in previous summer NDVI minimum in previous summer 

NDVI maximum in winter (before February) 
Difference between NDVI high in Feb-March and 

NDVI low April-May 

NDVI minimum in winter (before February) dNBR between February and May  

NDMI NDRE 

BSI difference between February and May 
Difference between BSI high in Feb-March and BSI 

low April-May 

Difference between NBR high in Feb-March and NVR low April-May 

 

Figure A1. Bar chart of the distribution of areas the Maryland Model predicted for winter cover crop presence 
and absence, by county. 
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Figure A2. Box plot indicating the distribution of 2024–2025 winter cover crop likelihood scores that the 
Maryland model applied to pixels planted with corn, cotton, and sorghum in the 2024 growing season. 

 

 
Figure A3. Distribution of 2024–2025 winter cover crop likelihood scores from 1 to 10 that the Maryland 

model assigned for pixels that were planted with corn, cotton, or sorghum in 2024. 
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Figure A4. Bar chart of the distribution of areas the random forest model predicted for winter cover crop 
presence and absence, by county. 

 
Table A3 
Yearly ET totals (mm). Winter wheat years are highlighted for field 8 as those are the years with winter cover. 

Year 
No Cover Crop - 
Continuous Cotton (1) 

Cover Crop – 
Continuous Cotton (9) 

No Cover Crop - Winter 
Wheat/Cotton Rotation (8) 

2016 679 mm 821 mm 829 mm 

2017 712 mm 859 mm 690 mm 

2018 743 mm 836 mm 832 mm 

2019 701 mm 925 mm 745 mm 

2020 570 mm 783 mm 796 mm 

2021 640 mm 697 mm 766 mm 

2022 599 mm 791 mm 804 mm 

2023 739 mm 958 mm 872 mm 

2024 692 mm 892 mm 892 mm 

Median 692 mm 836 mm 804 mm 

 

 


