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Abstract.

Improved understanding of cover crop performance in a large geographic area is crucial for
fostering widespread adoption of cover crops as a conservation practice. Conventional regression
methods fail to analyze on-farm agricultural data spanning various locations and multiple
timeframes effectively. This research proposes to employ a linear mixed modeling approach to
assess remote sensing (RS), biophysical characteristics and management practices as potential
predictors of cereal rye biomass across multiple sites during a growing season. Field
measurements, including cereal rye biomass and biophysical crop characteristics were collected
alongside multispectral images from an unmanned aerial system (UAS) in 13 fields across
Northwest Ohio in the spring of 2021. A baseline linear mixed model was specified to evaluate
biomass accumulation across fields as a function of management practices defined by planting
timing and methods. Residuals from the fitted model were extracted and subjected to stepwise
selection for additional explanatory variables, including 13 vegetation indices (VIs) derived from
remotely sensed images and two biophysical characteristics, namely crop height and canopy
cover percentage (CCpercent). An extended model expanded the Baseline model by further
incorporating selected explanatory variables into the linear predictor, specifically blue green ratio
(BGratio), simple ratio rededge (SRrededge) and CCpercent as well as their interactions with
management groups. Results showed that the early planted cereal rye using drilling approach
consistently had the greatest biomass accumulation throughout the spring, suggesting differences
in overall growth induced by different farm management practices. The extended model had better
model fit than the baseline model based on Akaike Information Criteria (AIC), AIC corrected
(AICC), and Bayesian Information Criteria (BIC) statistics. This was further validated by significant
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differences observed in a likelihood ratio test. The total variance in the extended model was
reduced by up to 61%, underscoring the importance of RS and biophysical characteristics in
enhancing precision and predictability of the model. In summary, the linear mixed model
accompanied by RS-derived VI and biophysical characteristics better captured variabilities in on-
farm cereal rye biomass across multiple sites along a growing season.

Keywords.
Cover crop, Cereal rye; Cover crop biomass estimation; Unmanned Aerial System (UAS);
Linear mixed modeling; Remote Sensing
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1. Introduction

In recent years, winter cover crops have been proposed as mitigation strategies for both
environmental and agronomic benefits, namely prevention of soil erosion, control of weeds,
reduction of soil compaction, and improved soil carbon sequestration (Daryanto et al., 2018;
Finney et al., 2016). Indeed, cover crops are increasingly recognized as important tools for
improving soil health, fostering climate-resilient farms, and mitigating adverse environmental
impacts, as evidenced by the implementation in federal and state-level incentive programs (Duke
et al., 2022; Wallander et al., 2021).

However, the current rate of cover crop adoption in Midwest remains relatively low, with only 7%
of total croplands planted in cover crops in 2021 (Zhou et al., 2022). Factors limiting the adoption
of cover crops include logistical challenges in establishing them and managing their biomass at
the end of the season, as well as agronomic concerns such as crop yield penalties in subsequent
cash crops due to slow/delayed emergence due to cover crop residues on the ground (Plastina
et al., 2020; Burnett et al., 2018; Roesch-Mcnally et al., 2018). Additionally, social and behavioral
factors further compound these challenges (CTIC, 2016; Myers & Watts, 2015; Singer, 2008).

Knowledge of factors influencing the cover crop growth and its variability within a field can help
farmers in several ways. For instance, understanding cover crop biomass variability allows
farmers to: 1) identify areas with higher or lower nutrient content, enabling targeted fertilization
and nutrient management for the subsequent cash crops; 2) identify areas prone to weed
pressure and plan appropriate weed control measures; 3) determine potential pest and disease
dynamics; and 4) manage input costs and increase overall farm profitability by tailoring
management practices to the specific needs of different areas within a field (Ruis et al., 2019).

Winter cover crops are typically planted in the fall, either alongside standing cash crops or
immediately after cash crops harvest, leaving a narrow time window for germination and
establishment. Delayed planting of cover crops can reduce their spring biomass production.
Furthermore, the choice of planting method, such as aerial broadcasting or drilling, influences
seed-to-soil contact and subsequently impacts overall biomass growth. Previous studies have
investigated the effects of management practices on cover crop growth through controlled plot-
scale experiments (Balkcom et al., 2023; Boyd et al., 2009; Haramoto, 2019; St Aime et al., 2022).
However, the relevance of these findings to larger areas under commercial production remains
unclear, largely due to variable soil and topographic conditions (Duiker, 2014; Hayden et al., 2015;
Moore & Mirsky, 2020). On-farm data poses unique challenges for collection due to the
cumbersome and costly nature of the conventional manual approach to collecting ground-truth
data. Similarly, analysis of on-farm data requires simultaneous consideration of multiple sources
of variability (e.g. between- and within-field variability).

With continuous development and advancement in sensor technologies, remote sensing (RS),
particularly unmanned aerial system (UAS), is becoming a cost-effective approach for collecting
field-level data of high resolution that could help in understanding within-field variability in crop
growth. Specifically, vegetation indices (VIs), computed from RS-based images, have been used
as proxies of crop growth (Avneri et al., 2023; Rosle et al., 2019; Teshome et al., 2023; Zhang et
al., 2021). Previous studies used linear and non-linear regression-type approaches to model
cover crop biomass and its nitrogen (N) content as a function of direct and indirect traits of cover
crop growth, including VIs and biophysical measurements (Brennan & Smith, 2023; Marcillo et
al., 2020; Moore & Mirsky, 2020; Mufioz et al., 2010; Murrell et al., 2017; Prabhakara et al., 2015;
Roth & Streit, 2018). For instance, Prabhakara et al. (2015) explored the linear relationship
between winter cover crop biomass and RS image-derived VIs, growing degree days, and percent
ground cover and showed correlations of up to 0.84 between 10 VIs and cover crop biomass.
Another study by Marcillo et al. (2020) compared least absolute shrinkage and selection operator
(LASSO), Ridge, and random forest (RF) for predicting both cereal rye biomass and its N content
as a function of RS image derived features.

Proceedings of the 16" International Conference on Precision Agriculture 3
21-24 July, 2024, Manhattan, Kansas, United States



Despite wide use of conventional linear regression and machine learning methods in agricultural
research, they have limitations when used for the analysis of on-farm data. Most prominent
amongst said limitations is the inability of traditional regression and machine learning to
accommodate hierarchical data structure (e.g. multiple observations across times from multiple
fields across sites) and ensuing correlation patterns that often emerge from temporal and spatial
dependencies among data (Yang, 2010), as well as heteroskedasticity. Linear mixed models can
seamlessly incorporate hierarchical data structure and multiple sources of variability in a dataset
through specification of fixed and random effects for systematic and non-systematic sources of
variability, respectively. While fixed effects represent the factor of interest or explanatory
covariates on the response variable, random effects incorporate hierarchical levels of data
architecture reflective of the design structure or data generation process. Through this, linear
mixed models allow us to naturally delineate different levels of data organization and
corresponding inferential scope (Milliken & Johnson, 2009; Stroup, 2013).

The overarching goal of this study was to assess the differences in spring growth of winter cereal
rye between management practices defined by planting timing and method in large production
areas. To this end, we will utilize a linear mixed modeling approach that accommodates the
hierarchical structure of the data. Enhancements of model fit to data will be further explored by
considering direct (i.e. biophysical parameters) and indirect (i.e. RS-based) measurements as
explanatory variables.

2. Materials and Methods

2.1 Study Sites and Sampling Protocol

The study focused on 13 fields located in northwest Ohio during the 2020 to 2021 cover crop
season (Figure 1). Fields were planted with cereal rye between September 30 and November 17,
following soybean harvest. Planting methods for cereal rye seeds included drilling, aerial, and
broadcasting in 9, 2, and 2 fields, respectively. Fields planted during September to October 15
were grouped as early planting while the fields planted after October 16 were grouped as late
planting. Planting methods and timing were grouped together to generalize the diverse
management practices across each field.

[ Samples
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Figure 1: Study area reflecting (a) locations of cereal rye fields across northwestern Ohio, and (b) randomly selected six
sampling locations within one of the fields.

In each field, 2-3 sub-field zones were first identified based on the dominance of various soil types
by referencing the soil map from the soil survey geographic database (SSURGO) (USDA NRCS,
2022). A total of six sampling locations were randomly selected from the sub-field zones, with
each zone containing 1-3 locations, following a zig-zag pattern as recommended by the OSU e-
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fields data collection protocol (OSUE, 2021) to ensure representativeness of the area.

2.2 Field Data Collection

Composite samples of cereal rye biomass were collected in the spring of 2021 between March
and May using a (0.50)?> m? quadrat (Figure 2). At each of the six locations within a field, samples
were repeatedly collected for three times (T1, T2, and T3) during the cereal rye growing season,
where T1 is early March, T2 is late March to early April, and T3 is late April to early May.

Figure 2: Data collection process in each field reflecting (a) 0.50 * 0.50 m2 quadrant used for biomass data collection, (b)
crop height measurement using a tape, (c) measurement of canopy cover percentage using canopeo app in a smartphone,
and (d) destructive sampling of cereal rye within a quadrat.

Collected biomass samples were subsequently oven-dried at 55°C and weighed for dry biomass
content; we hereafter refer to this as cereal rye biomass. In addition, crop height and canopy
cover percentage (CCpercent) were also collected from sampling locations in each field. Average
crop height in a quadrat was manually measured using a meter-scale tape (Figure 2b). CCpercent
was measured using a mobile app-Canopeo (Patrignani & Ochsner, 2015). Canopeo uses color
values in the red-green-blue (RGB) channel to first classify all the image pixels into green and
non-green and then calculates the fraction of green pixels to produce a binary image showing the
green cover percentage.

2.3 Remote Sensing Variables

Alongside field data collection, DJI Phantom 4 multispectral UAS was flown at approximately 90
m of height over the field to capture data in five multispectral bands (blue (B), green (G), red (R),
red edge (RE), near-infrared (NIR)) at a ground sampling distance (GSD) of around 4-6 cm per
pixel. The images were captured in a lawnmower fashion, maintaining an 80% front overlap and
a 70% side overlap. The UAS was equipped with a real-time kinematics (RTK) module, ensuring
centimeter-level precision in image positioning. Red markers were strategically placed at
sampling locations to precisely locate sampled biomass in the images. Raw multispectral images
collected by UAS were processed using Pix4D, an image processing software, which employs
structure-from-motion (SFM) techniques (Pix4D, 2022) to stitch hundreds of raw images together
to generate a single orthomosaic per field. Post-processing steps included identifying the
sampling locations in the orthomosiac image, drawing an area corresponding to the size of the
quadrat, and computing average pixel values across five bands — R, G, B, RE, and NIR within the
quadrat, representing the spectral properties of collected biomass samples.
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Based on the average pixel values at each sampling location for each of the five spectral bands,
13 VIs were computed to relate with biomass. The VIs included blue-green ratio (BGratio), red-
green ratio (RGratio), normalized difference vegetation index (NDVI), green normalized difference
vegetation index (GNDVI), simple ratio (SR), enhanced vegetation index (EVI), normalized green
red difference index (NGRDI), excess green (ExG), triangular vegetation index (TVI), soil adjusted
vegetation index (SAVI), normalized difference red edge Index (NDRE), simple ratio red edge

UAS Flight

A 4

5 Band Imagery

Sample markers

¥
=R

Orthomosaic Average pixel value

Figure 3: UAS image data collection, processing, and data extraction workflow.

(SRrededge), and red-edge triangular vegetation index (RTVI) (Table 1).

Table 1: Vegetation indices (VIs) computed based on the combinations of five multispectral bands i.e. red (R), blue (B),

green (G), red edge (RE), and near-infrared (NIR).

Indices Equation Source

RGratio R (Gamon & Surfus, 1999)
G

BGratio B (Sellaro et al., 2010)
G

NDVI (NIR —R) (Rouse et al., 1974)
(NIR +R)

GNDVI (NIR - G) (Moges et al., 2005)
(NIR + G)

SR NIR (Jordan, 1969)

R

EVI 2.5(NIR — R) (Huete et al., 2002)
(NIR + 6xR — 7.5xB + 1)

NGRDI (G—R) (Tucker & Sellers, 1986)
(G+R)

ExG (2xG—R+B) (Woebbecke et al., 1995)
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TVI 0.5 % [120 * (NIR — G) — 200 = (R — G)] (Broge & Leblanc, 2001)
SAVI (1+0.5) * (NIR —R)/(NIR — G) (Huete, 1988)
NDRE (NIR — RE) (Gitelson & Merzlyak, 1994)
(NIR + RE)
SRrededge NIR (Cao et al., 2016)
RE
RTVI 100 * (NIR — RE) — 10 % (NIR — G) (Chen et al., 2010)

2.4 Remote Sensing Variables
2.4.1 Preliminary Data Descriptive and Preprocessing

The data used in this study consisted of a total of 228 samples collected in 13 different fields
across three distinct periods. A list of potential explanatory variables for biomass included 13 RS-
based Vls, derived from UAS images, and two biophysical characteristics - CCpercent and crop
height. Due to the skewed distribution of cereal rye biomass, a natural logarithm transformation
was applied to normalize the data and mitigate skewness in the response during modeling.
Scatterplots were used for preliminary screening of the relationship between the explanatory
variables and cereal rye biomass in the transformed scale. Log transformation of explanatory
variables including SR, EVI, TVI, and RTVI was implemented to facilitate linear relationship for
modeling purposes.

2.4.2 Specification of Statistical Models

To analyze the data, two linear mixed models, referred to as Baseline and Extended, each
incorporating varying combinations of variables, were developed in three subsequent steps. Both
models were fitted to the log-transformed cereal rye biomass.

Step 1: Baseline Model

Model | was developed to reflect the data collection process across multiple fields and periods.
The model consists of fixed effects of (1) groups representing four combinations of planting timing
and planting method of cereal rye in fall, (2) time for biomass data collection in spring, and (3)
their two-way interaction as linear predictors. Meanwhile, random effects include (1) fields nested
within the group, (2) fields nested within the group and crossed with time of biomass data
collection to identify repeated measures within each field, and (3) random residual to identify
subsampling at the data measurement level. The model was specified as:

lOg (Yl]kl) =n + ij + Fl(]) + Tk + atjk + FTi(j)k + el-jkl
where F;jy~NIID(0,0%) L Ftijx~NIID(0,0¢,) L e;j~NIID(0,0%)

i=1,..,13j=1,...4k=1,...,31=1, .. 6. NID represents Normally, Identically, and
Independently Distributed.

Yix = Observed cereal rye biomass of the I, cereal rye sample from the i field at the ki time
assigned to the ji» management group.

n = Intercept for the response variable.

o; = Differential effect of the ji» management group.

Fig = Differential effect of the i, field assigned to (nested within) j;» management group.
T« = Differential effect of the ki, timepoint.
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aTik = Differential effect of the ji» management group at the ki timepoint.
Frigx = Differential effect of the i field nested within the j,» management group at timepoint k.

ejn = Leftover residual noise for the |, sample from the iy, field assigned to the ji» management
group and measured at the ki time.

The random effect factors consist of three components, reflecting sources of random variability in
data, namely o% (i.e. between-field variance), 0% (i.e. variance between multiple time points
measured within a field), and o (i.e. within-field variance or residual). Total variance (o°7) is
given as sum of three variance components (Equation 1).

07 = Of + Of; + 0% (1)

Step 2: Selection of additional explanatory variables

After fitting the Baseline Model, residuals were computed as the difference between observed
and predicted values, ej = Yiu —Yix, which reflect leftover noise in the data after accounting for
differences between the management group and the sampling scheme (i.e. multiple samples
collected from each field at each time point) throughout the growing season. Residuals were then
subjected to model selection using a stepwise approach to identify additional suitable explanatory
variables that might help explain leftover noise when incorporated into the linear predictor. The
potential explanatory variables included 13 Vls, crop height, and CCpercent. Based on this
process, CCpercent, BGratio, and SRrededge were selected from 15 candidates for inclusion in
the final model.

Step 3: Extended Model

Using three covariates selected from stepwise selection process, the Baseline Model was further
extended to include fixed effects of (1) group, (2) time, (3) their two-way interaction, (4) three
covariates and (4) their two-way interaction with group. It also included random effects of (1) fields
nested within the group, (2) fields nested within the group and crossed with a time of biomass
data collection, and (3) random residual.

2.4.3 Model Comparison

For model comparison, the Baseline and Extended Models were fitted using maximum likelihood
estimation, and fit statistics, including Akaike Information Criteria (AIC) (Akaike, 1974), AIC
corrected (AICC) (Burnham & Anderson, 2002), and Bayesian Information Criteria (BIC)
(Schwarz, 1978), of these two models were compared. A likelihood ratio test (LRT) statistic was
also used to assess the statistical significance between the Baseline and Extended models.

Both models were expanded to accommodate heterogeneous residual variance across fields,
with variance components estimated using the restricted maximum likelihood (REML) method.
Kenward Roger’s method was used to estimate degrees of freedom and adjust standard errors.
Model assumptions were evaluated using externally studentized residuals. Estimated least-
square means for cereal rye biomass and the corresponding 95% confidence intervals were then
back-transformed to the original data scale. Comparisons between management groups
throughout the growing season were based on the Baseline Model using Bonferroni adjustments
to prevent Type | error inflation. A Bonferroni-adjusted P-value of less or equal to 0.05 was
considered statistically significant, while a P-value between 0.05 and 0.10 was considered
marginally significant. The relationship between covariates and cereal rye biomass was analyzed
using the Extended Model. All statistical analyses were performed using the GLIMMIX procedure
in SAS (Version 9.4; SAS Institute, Cary, NC, USA).
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3. Results

3.1 Baseline Model

The baseline model showed no evidence of a two-way interaction between management groups
and timing for data collection on cereal rye biomass (P = 0.16). However, there were evidence of
the main effects of management groups (P = 0.01) and time of data collection (P < 0.001) on
cereal rye biomass. Throughout all data collection periods in spring, the Early-Drilled group had
consistently greater cereal rye biomass than the Late-Aerial, Late-Broadcast, and Late-Drilled
groups, which showed no evidence for significant differences from each other. In early spring, the
Early-Drilled group had significantly more biomass than the Late-Aerial (P = 0.002) and Late-
Drilled (P = 0.04) groups. In mid-spring, the significant difference was observed only between the
Early-Drilled and Late-Aerial groups (P = 0.02). By late spring, the Early-Drilled had significantly
more biomass than the Late-Aerial (P = 0.02) and Late-Broadcast (P = 0.05) groups.
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Figure 4: Cereal rye biomass (least square mean estimate * 95% confidence interval) for four different management groups
in spring of 2021.

3.2 Extended Model - Model Enhancement with Remote Sensing and Biophysical
Predictors

3.2.1 Comparison based on Fit Statistics

Compared to the Baseline Model, the Extended Model including additional explanatory covariates
including RS-derived VIs and biophysical characteristics improved fit to data, which was
evidenced by maximum-likelihood-based fit statistics. Specifically, the Extended Model showed a
decrease of 62 BIC units, 69 AIC units, and 63 AICC units relative to the Baseline Model, thereby
demonstrating that the inclusion of heterogeneous slopes for CCpercent, BGratio, and
SRrededge help explain variability in cereal rye biomass. Similarly, the chi-square statistic (i.e.,
93.09) based on the likelihood ratio test exceeded the critical value at 95% quantile of the
reference distribution with 12 degrees of freedom (i.e., 21.03), indicating that the Extended Model
provides a better fit than the Baseline Model.

Table 4: Model fit statistics and likelihood ratio test of the Baseline and Extended models.

- X X p-value
Model -2Log-likelihood | AIC AlCC BIC test statistic | (DF = 12, 95%)
Baseline 506.22 536.22 | 538.49 | 544.70
93.09 21.03
Extended 413.13 467.13 | 475.00 | 482.38
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Note: Chi-square test statistic is computed based on difference of log-likelihood between the
models while chi-square at critical value is computed based on the degrees of freedom and 95%
significance level at chi-square distribution.

3.2.2 Comparison based on Variance Estimates

The importance of covariates in controlling non-systematic variance was evaluated by comparing
residual and total variance between Extended and Baseline Models (Figure 5). Since residual
variance varied from one field to another for all 13 fields, total variance was unique to each field.
For the Baseline Model, variance estimates showed a between-field variance of 0.57, variance
between multiple time points of 0.23, and residual variance ranging from 0.01 to 1.68. For the
Extended Model, between-field variance was reduced to 0.23, variance between multiple time
points remained at 0.23, and residual variance ranged from 0.007 to 1.5. Similarly, total variance
ranged from 0.58 to 2.25 without covariates and from 0.57 to 2.06 with covariates.

a. Residual Variance
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Figure 5: (a) Residual variance and (b) total variance across 13 fields for the models without (w/0) (i.e., baseline model) and
with (w/) including the RS-based (BGratio and SRrededge) and biophysical (CCpercent) covariates (i.e. extended model).

Inclusion of covariates in the model resulted in a decrease in both total variance and residual
variance across all fields, indicating a reduction in unexplained variance. The highest reduction in
total variance and residual variance were 60 and 61%, respectively, for field F5. By incorporating
covariates as a systematic component, the Extended Model accounted for some of the non-
systematic variability that was previously attributed to random factors.

4. Discussion

In this study, we focused on assessing the variability in springtime cereal rye growth relative to
management practices, based on multitemporal data collected on farmers’ fields, in a linear mixed
modeling framework. We also evaluated the efficacy of RS-derived and biophysical covariates in
explaining the variation present in the data and improving model precision. Of the 13 covariates,
CCpercent, BGratio, and SRrededge were selected based on a formal stepwise variable selection
process and were found to account unexplained variability in the cereal rye biomass data better
than other covariates.

RS-based Vs frequently serves as reliable proxies for crop health, offering insights into
environmental stresses like nutrients, heat, and water that may or may not be linked with

management practices. For instance, BGratio, which considers crop reflectance in blue and green
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wavelengths of electromagnetic radiation, can capture variability in crop growth dynamics
specifically related to canopy development. In crop canopies, blue light is absorbed by the
photosynthetic pigments, notably chlorophyll, facilitating photosynthesis and subsequent carbon
assimilation crucial for biomass accumulation. Meanwhile, green light is a strong indicator of the
abundance of chlorophyll. These photosynthetic pigments are sensitive to different environmental
stressors and hence vary across the crop growth stages. Consistent with prior studies, we found
red-edge-based Vls such as SRrededge to be strongly associated with crop biomass (Kanke et
al., 2016; M. A. Cho & Atzberger, 2008; Mutanga & Skidmore, 2004).

Consistent with our findings, previous studies have recognized canopy cover percentage as an
important variable in explaining variations in crop biomass (Flombaum & Sala, 2007; Goslee,
2020; Montes et al., 2004). However, canopy cover percentage data were collected at a ground
level and hence presents logistical challenges when it comes to collecting data from multiple
fields. In contrast, SRrededge, which was also found to well explain leftover variability in the
biomass data, can be effectively obtained using UAS at high resolution and with broader
coverage.

The inclusion of RS-based and biophysical covariates in the linear mixed model provided
evidence for improved model performance reflected through AIC, AICC, and BIC metrics
compared to the model without these covariates. Based on likelihood ratio test, we found a
significant differences between the models with and without covariates. With the inclusion of
covariates, there was decrease in total variance due to reduction in leftover or unexplained
variation which is key to improving precision of estimates for fixed effects and random effects.
This further elucidates the role of RS-based and biophysical characteristics in explaining the non-
systematic variation in cereal rye biomass and improving model precision for better predictability
and generalizability.

Consistent with prior works (Duiker, 2014; Feyereisen et al., 2006; Staver & Brinsfield, 1998), we
observed consistently higher springtime biomass accumulation for cereal rye planted early in the
fall using a drilled approach. We also observed differences in cereal rye biomass between Early-
Drilled and Late-Drilled groups particularly during early spring, indicating the potential impact of
planting time regardless of planting methods. From 2003 to 2005, Duiker (2014) found over 1.5
Mg/ha of cereal rye biomass in early May when planted in early October, dropping below this
threshold for mid-October plantings. Similarly, Feyereisen et al. (2006) noted higher cumulative
biomass in southwestern Minnesota when cereal rye was sown early (September 15) compared
to late October plantings. Haramoto (2019) observed superior establishment with the drilling
method (75%) over broadcasting (22%) in a two-year study following corn, though delayed drilling
led to reduced growth and nitrogen uptake. The reason for relatively lower biomass accumulation
in late planted groups could be due to slowdown in phenological development of cereal rye when
the establishment date is delayed from the early part to late fall (Farsad et al., 2011).

Broadcasting and aerial seeding are popular choices among growers due to their economical and
logistical advantages. Aerial seeding is an efficient approach of planting cover crops on standing
cash crops over a large area. This method is especially valuable in regions where harvesting of
summer cash crops is delayed and there is a limited time window for cover crops’ planting.
However, success in cover crop emergence with aerial seeding depends on adequate soil
moisture and late summer/early fall precipitation (Wilson et al., 2013). Broadcasting, similar to
aerial seeding but ground based, can result in improved cover crop emergence with tillage and
early fall seeding, capitalizing on warmer temperatures and potential rainfall (Brooker et al., 2020).
However, without additional tillage, seeding into dry soil risks delayed establishment until
sufficient rainfall is received, which improves soil moisture (Hillel, 2003). Based on analyses of
precipitation data from PRISM, we observed a dry spell for about 10 days from November 1 to
November 10 in three field locations planted late (i.e. late October to early November) with aerial
and broadcasting method. This could be the reason the Late-Aerial and Late-Broadcast groups
consistently showed lower springtime biomass, particularly during mid- and late spring.

The multi-location multi-temporal agronomic data on winter cover crop collected across fields in
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a larger production area inherently are hierarchical in nature. It is thus important to carefully
analyze such data to identify the data generation process as well as structure of the data. Most
of the prior studies of similar kind often relied either on standard statistical methods or advanced
machine learning techniques while assuming mutually independent observations and nonexistent
data structure. This undermines the critical statistical assumptions while ignoring the correlation
patterns in the data due to hierarchical structure and often leads to false inference and conclusion
(Stroup, 2013). In our study, we incorporated a linear mixed modeling framework that possess
unique ability to encode multilevel hierarchical data structure into the analysis. We specified fixed
effects concerning winter cover crop management groups, time of data collection and various RS-
based and biophysical explanatory covariates. Meanwhile, random effects were used to reflect
multiple sources of non-systematic variation not explained by the fixed effects. This allowed us to
incorporate the data generation process in the modeling while assessing whether differences in
cereal rye biomass accumulation are consistent across different field and growing conditions over
a larger production region in the northwestern, Ohio.

While this study offers insights on factors useful in assessing variability in cereal rye biomass in
on-farm conditions, our study’s scope is constrained as it only considers fields previously planted
with soybeans, limiting generalizability to fields with different prior crops like corn. Future research
should incorporate diverse prior crop data to enhance generalizability. Furthermore, our study
treats biomass sampling as a repeated measure across three time periods. However, the
destructive nature of sampling may introduce bias as data samples were not collected from the
same spot but from the surrounding locations. It is a challenge for repeatedly measuring the same
area while conducting destructive sampling of biomass. We went about selecting close locations
for the three times with the assumption that they might be achieving similar growth. While it is no
brainer to sample the same spot repeatedly, the best practice could be ensuring similar growth
conditions in the closely located sampling spots.

5. Conclusions

In conclusion, integrating linear mixed modeling framework enabled us to incorporate hierarchical
structure of multi-field multi-temporal winter cover crop data into the modeling process and assess
multiple sources of variability. Two modeling strategies with and without explanatory covariates
were studied to assess the role of RS-derived and biophysical characteristics of winter cover crop
in explaining springtime biomass variability. Incorporating RS-derived VIs like BGratio and
SRrededge, along with biophysical characteristic such as CCpercent data, into the linear mixed
model was found to improve overall model precision by explaining the leftover non-systematic
noise in the data. While CCpercent and SRrededge showed positive relationship, BGratio showed
no clear pattern relative to cereal rye biomass. There was evidence for varying relationships
between the two variables (i.e., CCpercent and SRrededge) and cereal rye biomass across
different management groups, determined by combination of planting timing and methods in the
fall. Evidence was observed for relatively greater biomass accumulation throughout the spring
season for cereal rye planted early in fall using drilled approach compared to late planted with
aerial and broadcasting methods. In summary, this study underscores the efficacy of mixed
modeling, coupled with biophysical and RS-derived measurements, in improving the
understanding of winter cover crop growth and differences among management practices over a
larger landscape.
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