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Abstract Livestock agriculture accounts for ~15% of global anthropogenic greenhouse gas (GHG)
emissions. Recently, natural climate solutions (NCS) have been identified to mitigate farm-scale GHG
emissions. Nevertheless, their impacts are difficult to quantify due to farm spatial heterogeneity and effort
required to measure changes in carbon stocks. Remote sensing (RS) models are difficult to parameterize

for heterogeneous agricultural landscapes. Eddy covariance (EC) in combination with novel techniques that
quantitatively match source area variations could help update such vegetation-specific parameters while
accounting for pronounced heterogeneity. We evaluate a plant physiological parameter, the maximum quantum
yield (MQY), which is commonly used to calculate gross and net primary productivity in RS applications. RS
models often rely on spatially invariable MQY, which leads to inconsistencies between RS and EC models.
We evaluate if EC data improve RS models by updating crop specific MQYs to quantify agricultural GHG
mitigation potentials. We assessed how farm harvest compared to annual sums of (a) RS without improvements,
(b) EC results, and (c) EC-RS models. We then estimated emissions to calculate the annual GHG balance,
including mitigation through plant carbon uptake. Our results indicate that EC-RS models significantly
improved the prediction of crop yields. The EC model captures diurnal variations in carbon dynamics in
contrast to RS models based on input limitations. A net zero GHG balance indicated that perennial vegetation
mitigated over 60% of emissions while comprising 40% of the landscape. We conclude that the combination of
RS and EC can improve the quantification of NCS in agroecosystems.

Plain Language Summary Animal farms like dairies are large greenhouse gas emitters globally,
but opportunities exist to reduce these emissions by removing CO, from the atmosphere through plant biomass
production. These opportunities have been termed natural climate solutions (NCS), but their efficiency has
been difficult to estimate in ecosystems with mixed vegetation. Satellite remote sensing products can estimate
plant biomass production, but they rely on simplified assumptions about plant biological functions like uniform
photosynthetic efficiency across vegetation types. Approaches that measure differences in photosynthetic
efficiency by plant vegetation types could improve these methods. We estimated plant photosynthetic efficiency
and plant biomass productivity at the farm scale using instruments that measure the dynamic exchange

of CO, between the land and atmosphere and incorporated that information into satellite remote sensing
models. We then assessed which model predicted farm harvest best. We found that RS models that included
local plant information predicted farm harvest best. Plant biomass production within the dairy farm offset
annual greenhouse gas emissions, which was controlled by long-lived deep-rooted vegetation like forests and
grasslands that took up the most CO,. This study design has great potential to improve the assessment of NCS
that offset greenhouse gas emissions in agricultural systems.

1. Introduction

Atmospheric CO, concentrations are steadily increasing, with concentrations reaching 1.5 times preindustrial
levels (Bloch-Johnson et al., 2021). Natural climate solutions (NCS, also termed nature-based climate solutions)
that enhance biospheric carbon sinks and reduce or mitigate greenhouse gas emissions have been proposed
to combat this climate crisis, demanding changes in ecosystem management (Griscom et al., 2017; Hemes
et al., 2021). In the case of livestock agriculture, several “nature based” strategies have been identified to mitigate
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on-farm greenhouse gas (GHG) emissions by imitating existing natural processes that sequester CO, from the
atmosphere. These include cover crops (Bergtold et al., 2019; Blanco-Canqui et al., 2015; Chahal et al., 2020) and
conversion of annual croplands to continuous green cover such as pastures or agroforestry (Bossio et al., 2020;
Fargione et al., 2018; Griscom et al., 2017). However, evidence for mitigation capacities is variable, subject to
high uncertainty, and often constrained by regional climate, soil type, management intensity, and ecosystem suit-
ability (Bellamy & Osaka, 2020; Fleischman et al., 2020; Griscom et al., 2017).

While agricultural lands may be managed to offset farm originated GHG emissions, it is important to point out
that these climate solutions are insufficient to fully mitigate GHG emissions (Anderson et al., 2019). For NCS
to work it is vital to decrease GHG emissions from multiple sectors. To begin making informed decisions, it is
important to establish baseline values to quantify NCS (Graves et al., 2020).

Calculation tools for agricultural GHG balances, here interpreted as net-zero CO,-equivalent emissions
(Fuglestvedt et al., 2018), often ignore the role that landscape productivity plays in whole-farm emission mitiga-
tion (Colomb et al., 2013; Wassmann et al., 2019). Livestock and cash crop agriculture typically involves manage-
ment on multiple scales, including crop rotations, nutrient management, and barn activities. These decisions are
nested within farm boundaries that interact with the surrounding landscape, including farm property that may
be subject to active or passive GHG management (Leahy et al., 2020; Schwarze et al., 2002). These interactions,
as well as the global warming potentials of different GHG emissions, impact the farm GHG balance and need
to be considered for a complete understanding of farm-scale NCS (Paitan & Verburg, 2019; Styles et al., 2018).
Measurements of such sources and sinks and their interactions are time consuming and often expensive, and
hence rarely accessible to producers (Rosenstock et al., 2013). A broader suite of tools needs to be applied to
successfully implement NCS in agricultural management and to track their success.

Satellite-based Earth observations are noninvasive, rapid, and can be free of charge—like Landsat and MODIS
(Moderate Resolution Imaging Spectroradiometer)—and have the capacity to track changes in individual farm
carbon balances based on management and land use changes (Anderson et al., 2018; Weiss et al., 2020; Wulder
et al., 2019). While MODIS data have relatively low spatial resolution (250-1,000 m), Landsat imagery with its
higher resolution (30 by 30 m) can better resolve field scales of typical agricultural farms. Remote sensing (RS)
data have successfully predicted aboveground biomass with relatively low uncertainty in agricultural systems
(Pique et al., 2020; Wiesner et al., 2020). However, their implementation into full farm GHG budgets is still
limited (Sleeter et al., 2018). Furthermore, continuous breeding programs make it difficult to track changes in
plant productivity, as plant physiological parameters change over time (Weiss et al., 2020). Such parameters
include the maximum quantum yield (MQY; g C mol photons~')—the carbon taken up per mol of photosyn-
thetically active radiation (PAR) received—a key parameter in the quantification of gross primary productivity
(Ogutu et al., 2013; Y. Zhang et al., 2017). MQY or other light use efficiency parameters are commonly used to
calculate gross and net primary productivity (GPP and NPP) in RS applications (Joiner et al., 2018). RS models
often rely on spatially invariable MQY, but differences in such parameters lead to inconsistencies between RS
and eddy covariance (EC) models (Wang et al., 2020; Zhang et al., 2020). In the case of MODIS GPP and NPP
products (MOD17 and MOD17A2/A3), a single MQY is assumed for crops (Running & Zhao, 2015; Running
et al., 1999), thus introducing a substantial bias for the global estimation of agricultural yields. Studies found
better correlations when separating out differences in MQY using EC approaches by plant functional types (i.e.,
C3 and C4) (Jiang et al., 2021). However, EC systems are expensive and require technical skills, and are often
constrained to one vegetation type due to the basic assumptions underlying the measurement technique (Rafi
et al., 2020; Sishodia et al., 2020), thus limiting their application range and accessibility.

Novel methods that quantitatively match EC source area variations (i.e., the “flux footprint™) are being developed
to overcome this limitation (Butterworth et al., 2021; Chu et al., 2021; Hannun et al., 2020; Helbig et al., 2021;
Joy & Chavez, 2021; Metzger, 2018; Metzger et al., 2013; Xu et al., 2017). One of these techniques is the Environ-
mental Response Function (ERF) approach by Metzger et al. (2013) and further improved by Metzger (2018) and
Xu et al. (2017). The approach could be further refined to help update crop-specific parameters on a continuous
basis by disaggregating the source area from which fluxes in heterogeneous landscapes arise. The ERF approach
uses high frequency EC carbon and energy flux data and spatial information characterizing the landscape to
account for differences in net ecosystem exchange (NEE) of CO, and other response variables based on variable
footprint cover. The spatial information of surface-atmospheric exchange from different landcover types—as well
as temporal meteorological drivers—is then used to build regression trees to assign carbon fluxes to biophysically
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similar areas not covered by the footprint during the time interval in question. While this approach has been
applied in previous studies to map gas fluxes across space and time, it had not been applied in agricultural
systems and not over daily to annual time scales. Here we use the resulting spatiotemporal maps, among other
things, to extract parameters like MQY for individual vegetation types, and update existing RS products (Huang
et al., 2021; Xiao et al., 2004, 2010, 2012, 2019; Zhang et al., 2017), to better extrapolate carbon dynamics
beyond individual farms.

Given these demands and advances, our research question thus arises: How reliably can we account for GHG
mitigation approaches in heterogeneous agroecosystems through the combination of RS and EC technologies? To
answer this, we use the US Dairy Forage Research Center (USDFRC) dairy farm in Wisconsin as a case study to
(a) project NEE across space and time in a heterogeneous agricultural landscape using ERFs, and (b) understand
how EC data from heterogeneous landcover types can inform RS measurements to scale NCS beyond the extent
of an EC tower footprint. We use the data to improve the whole-farm GHG by improving the RS model parameter
MQY using the ERF approach.

Our goal is to evaluate and provide tools for management recommendations that can increase carbon seques-
tration in agroecosystems and help quantify mitigation effects from NCS. We hypothesize that updating plant
physiological parameters in RS models on a continuous basis using EC significantly improves NEE and yield
estimations to quantify the GHG mitigation and economic potential of agricultural vegetation more accurately. To
test this hypothesis, we used farm harvest records from the USDFRC farm to compare harvest yields to estimated
yields from RS models without MQY improvements, from EC ERF results, and from improved RS models. The
farm is uniquely positioned to perform such analyses as it is a working dairy farm but also serves research func-
tions where changes in management to increase carbon sequestration and other ecosystem services can be tracked
throughout the production chain.

2. Methods

In the following we describe how we apply ERFs and RS to estimate the spatiotemporal GHG balance of the
USDFRC farm. First, we estimated daily timeseries of GPP and ecosystem respiration (R_) using MQY values
from the literature for each crop and vegetation type to calculate net ecosystem productivity (NEP). Second, we
used the EC ERF approach to obtain spatiotemporal maps of NEP. We then extracted NEP for each crop field (68
crop fields total) and the three perennial vegetation types (forest, shrubland, and grassland), resulting in 71 hourly
NEP timeseries, which we used to calculate average MQY for each of the 10 vegetation types. We evaluated how
different ranges of data affected yield estimation by calculating MQY using (a) all data, (b) only growing season
data, and (c) only growing season daytime data. New MQY values were then used to recalculate RS NEP. Third,
we calculated the total annual harvest NEP from harvest records using literature- and field-estimated root-to-
shoot ratios (root:shoot) and dry matter data, as well as harvest indices (HI). Harvest NEP was then compared
to annual sums of (a) RS NEP without improvements (RS, ,), (b) ERF NEP, and (c) improved RS NEP (RS;p).
Finally, we estimated farm emissions following Wiesner et al. (2020), to calculate the farm-scale GHG balance
for 2019. Please refer to the Supporting Information S1 for a detailed description of emission calculations. We
compare harvest biomass with estimated biomass from RS and EC models using NEP as the difference between
carbon uptake through GPP and R_.. We used this terminology as RS and EC quantify heterotrophic respira-
tion in addition to autotrophic respiration. We assumed that harvest NPP approximated NEP, such that harvest
biomass included C losses to microbial respiration from decaying biomass in form of leaves, roots, and stems over
long periods of time (here 1 year).

2.1. Study Site

The study took place at the USDFRC farm located in Sauk County, Wisconsin USA. Mean annual temperature
and annual precipitation are 8°C and 880 mm, respectively. Soils are moderately well drained to excessively
drained. The USDFRC farm (~890 ha) houses approximately 350 dairy cows in both tie-stall and free-stall barns,
in addition to 350 heifers and dry cows. Crops grown on the farm include corn for grain and silage, alfalfa for
silage, soybeans, and winter wheat (Figure 1). The farm has hundreds of hectares of open pasture, grassland,
shrubland and forest.
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Figure 1. Crop and natural vegetation distribution at the U.S. Dairy Forage Research Center farm, Wisconsin, USA during
2019. IWG is intermediate wheatgrass (Thinopyrum intermedium). The red star indicates the location of the eddy covariance
tower US-DFC. Black contour lines are the footprint climatology plotted with 10 percentile intervals; the outermost contour
line shows the 90th percentile and the innermost shows the tenth percentile.
2.2. Remote Sensing Net Primary Productivity
We used Landsat 8§ and MODIS (Aqua and Terra) data from 2019 to estimate gross ecosystem productivity (GPP;
¢ C m~2) using the Vegetation Photosynthesis Model (VPM, Xiao et al. (2004):

GPPypm = €, X FPAR X PAR )
where FPAR , is the fraction of daily sums of photosynthetically active radiation (PAR, mol d~!) absorbed by
chlorophyll calculated as FPAR.y = a X EVI, where a = 1 (Xiao et al., 2004; Zhang et al., 2017), and EVI is the
enhanced vegetation index. The light use efficiency e, is derived from the relationship of maximum quantum
yield (MQY; g C mol~' photons~'; Table 1), initially assigned values taken from the literature (Literaturey,y)
for each vegetation type (Madugundu et al., 2016), scalars of temperature (T,,,,) and vegetation water stressors
(Wscalar and P scalar) are.

Eg = MQY X Ticatar X Wicalar X Prcalar (2)
where T, (0 < T, <1)is estimated as:
(T — Tmin) (T - Tmax)
Ticatar = > (3)
(T - Tmin) (T - Tmax) - (T - Topt)

where T, (-1°C), T, (48°C) and T, (30°C) are the minimum, maximum and optimum temperatures for
photosynthetic activity for Wisconsin (Zhang et al., 2017) and T is satellite-measured land surface temperature

(LST, °C). The term W, (0 < W_,,.. <1) is estimated as:

(1+LSWI)
Wialar = —————

scalar (1 T LSWImax) (4)
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Table 1

Maximum Quantum Yield (MQY) Inputs for RS Models Using MQY From the Literature (RS,,), MQY Calculated From the
Eddy Covariance Environmental Response Functions (ERF) Approach Using all Data (ERF, ,,.,y), Growing Season Data
Only (ERF  \oy), and Growing Season Daytime Only (ERF y;,y)

Literatureqy (g C mol ERF, \iqy (g C mol ERF oy (€ Cmol  ERFy,qy (gC

Crop PAR™) PARY) PAR-!) mol PAR™!)
Alfalfa 0.60 1.03 (0.14) 0.51 (0.08) 0.55 (0.09)
Corn grain 0.69 0.68 (0.08) 0.51 (0.06) 0.65 (0.09)
Corn silage 0.69 0.58 (0.07) 0.53 (0.05) 0.50 (0.09)
Forest 0.56 0.23 (0.04) 0.36 (0.03) 0.23 (0.08)
Grass 0.75 0.82 (0.04) 0.86 (0.04) 0.86 (0.07)
Intermediate wheatgrass 0.75 0.70 (0.09) 0.38 (0.03) 0.46 (0.07)
Pasture 0.75 0.77 (0.09) 0.51 (0.03) 0.55 (0.08)
Shrub 0.30 0.89 (0.04) 0.77 (0.03) 0.65 (0.07)
Soybeans 0.39 0.67 (0.09) 0.44 (0.06) 0.64 (0.1)

Switchgrass 0.71 0.71 (0.06) 0.36 (0.04) 0.48 (0.08)
Wheat 0.80 0.70 (0.06) 0.34 (0.04) 0.52 (0.07)

Note. Numbers in parentheses show standard deviations by crop type. For literature MQY we did not include variability.

where LSWI __is the maximum land surface water index (LSWI) within the growing season, here prescribed as

max
0.78 from LSWI vegetation data for 2019. P O< P, <l)isestimated as:

scalar

1 + LSWI
P, scalar = (2—) (5)

scalar

Landsat 8 EVI (LC8EVI) and surface reflectance scenes (LCOSL1TP, 16-day resolution) were downloaded from
the USGS Earth Resources Observation and Science (EROS) Center Science Processing Architecture (ESPA).
When Landsat scenes were not available, we used MODIS data to gapfill EVI, LST, and LSWI data as described
below. MODIS surface reflectance (MOD09, MYD09), EVI (MOD13Q1, MYD13Q1) (Didan, 2015) and LST
(MOD11A2, MYD11A2) (Wan et al., 2015) were downloaded using the NASA Earthdata AppEEARS API
subsets tool (https://Ipdaacsvc.cr.usgs.gov/appeears/); EVI was at 16-day resolution, and LST and surface reflec-
tance to calculate LSWI was at 8 days. All Landsat and MODIS scenes were filtered using the respective quality
assurance bands. Landsat and MODIS LSWI were estimated using the near and shortwave infrared bands via the
Iswi function from the ‘water’ package in R (Olmedo et al., 2016). Landsat LST was estimated by converting from
brightness temperature following Sobrino et al. (2004). EVI, LST, and LSWI raster time series from Landsat
were first gap-filled using linear interpolation between raster files from adjacent dates (within 16-day windows)
via the approxNA function from the ‘raster’ R package (Hijmans, 2021). Landsat and MODIS EVI, LST, and
LSWI were linearly interpolated to obtain daily satellite scenes for 2019. Because approxNA computes values
for overlapping pixels between two dates, when one of the dates had missing values due to cloud cover or other-
wise filtered data from QA bands, we gapfilled data using a linear regression between the Landsat and MODIS
pixels of each respective day. MODIS data were first resampled using a bilinear interpolation to downscale from
a resolution of 250 X 250 m pixels to 30 X 30 m pixels. While this may introduce biases based on overlapping
vegetation types in single pixels, these should be small, as fields at the farm exceeded these scales on average by
100 times (ranging from 3 to 320 times the size of a single Landsat pixel).

Daily ecosystem respiration (R, ) for the extent of the farm was estimated using RS GPP results, as well as satel-
lite LST data, following Gao et al. (2015):

Eoxe—Ll -1
Reco =ax GPP + Rref Xe UXTFCf_TO LST=To (6)

where E, is the temperature sensitivity of activation energy of respiration, estimated using the R package
“ReddyProc” (Wutzler et al., 2018) using 2019 EC NEE data (Section 2.3). 7| is the minimum temperature for
respiration (°C), which was set to —46.02°C, following Lloyd and Taylor (1994) and T is Landsat/MODIS LST
(°C).
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The model estimates R, from autotrophic and heterotrophic respiration, using a constant fraction of GPP that is
assumed to be spent on autotrophic plant respiration (here a = 0.25, following McCallum et al. (2009) and Waring
et al. (1998)), and a reference respiration rate (R,;), which was set to 2.86 g Cm~? for a reference temperature
of 10°C (T,,,), estimated from the Q,, relationship; the temperature sensitivity of EC respiration data to a 10°C

rel

increase in temperature. We obtained daily sums of NEP by subtracting RS R from GPP (NEP = GPP — R

eco)'

2.3. Eddy Covariance Data

A 30-m-tall EC tower was installed in April 2018. Instruments included a sonic anemometer (Gill New Windmas-
ter, Lymington, Hampshire UK) and a 7500RS infrared gas analyzer (Licor Inc., Lincoln, NE, USA), measuring
at 10 Hz. Meteorological sensors included air temperature and humidity (HMP155, Vaisala, Vantaa, Finland),
global radiation (LI-200R, Licor Inc., Lincoln, NE, USA), and a net radiometer (CNR4, Kipp and Zonen, Delft,
The Netherlands), recorded on a Sutron Xlite 9210 datalogger (Sterling, VA, USA) every 5 s and averaged to
half-hours. Ground level sensors included a rainfall gauge (TR-525M, Texas Electronics, Dallas, TX, USA), three
soil moisture and temperature sensors, and soil heatflux plates (Hukseflux HFPO1), which were also connected
to the datalogger. Biomet and flux files were automatically combined into .ghg files (a LI-COR custom raw file
type, containing data and metadata information).

2.4. Environmental Response Function Approach

The Environmental Response Function (ERF) approach developed by Metzger et al. (2013) was first applied
to flux towers by Xu et al. (2017) and involves three computational steps. First, high-frequency EC data is
resolved using wavelet cross-scalograms to estimate NEE (pmol CO, m~2s~1). Here we estimated fluxes from the
10 Hz turbulence data using wavelet discretization for 10 min intervals, which were calculated using consecutive
four-hour windows of 10 Hz raw EC data, to avoid edge effects (Xu et al., 2017). We used the Morlet wavelet
with 1/8 resolution. Preprocessing of high frequency turbulence data involved de-spiking following Brock (1986)
and Starkenburg et al. (2015), planar fit rotation (Wilczak et al., 2001), lag correction using maximum correla-
tion, and conversion of sonic temperature to air temperature (Schotanus et al., 1983), as described in Metzger
et al. (2013) and Xu et al. (2017). Turbulence data were screened according to EC quality assurance and quality
control procedures, which included a steady-state test with a flag threshold of 100% (Foken & Wichura, 1996;
Vickers & Mahrt, 1997) and an Integral Turbulence Characteristics test following Foken (2008). We corrected
NEE for density fluctuations following Webb et al. (1980).

During the second step, a footprint algorithm quantified the contribution of different surfaces to NEE for each
processing step (Kljun et al., 2004; Metzger et al., 2013). Boosted regression trees (BRTs) were estimated using
wavelet results to build relationships between NEE, meteorological variables, and footprint-weighted surface
properties (here, EVI and LST) to project hourly flux fields. BRTs were estimated using 30-day intervals with
10-min timesteps (N = 4,320), after which NEE responses were projected to the extent of the farm for hourly
intervals. Thirty-day training intervals overlapped by 10 days each, to ensure the model was trained with inter-
secting data samples. Spatially-projected fluxes were based on EVI and LST pixel resolution, yielding a spati-
otemporal resolution of hourly 30 by 30-m grids. We included air temperature (°C), the mole fraction of water
vapor in dry air (mol mol~"), and incoming solar radiation (W m~2), all measured at the tower, as well as solar
azimuth (degree), daily EVI (unitless), and daily land surface temperature (K) from Landsat data in the ERF
algorithm. Solar azimuth was used to describe the diurnal cycle and was calculated using sunAngle from the
‘oce’ package (D. E. Kelley, 2018; D. Kelley & Richards, 2021) in R. Surface properties (EVI and LST) were
used to explain the spatial variability (and similarities among vegetation type) of the response, while meteoro-
logical drivers were used to explain the diurnal cycle and temporal variability. We focused on these variables
as main drivers of NEE through photosynthesis and autotrophic and heterotrophic respiration (via radiation,
temperature, and water availability), while maximizing the number of observations, tree complexity and number
of regressions trees to compute final fluxes, as we were limited to 30-day intervals of 10 min data due to the
computational restrictions of the CyVerse environment (16 GB RAM) and RStudio. During projection, hourly
medians of the meteorological drivers were used which were assumed to be homogeneous across the farm. Please
visit https://zenodo.org/record/6772181 for more information on driver-response relationships (equidistant
response-sensitivity plots) that were the result of model training and validation. Random and systematic uncer-
tainty was quantified using the mean absolute deviation following Xu et al. (2017) except for the ERF projection
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performance analysis. All model uncertainties were incorporated into the ERF uncertainty budget as described in
Section 2.7. All computations were performed in RStudio on the CyVerse servers.

Once applied, we extracted NEE from all crop fields (N = 68 crop fields total, including one intermediate wheat-
grass field and five pastures) and three natural vegetation types (grasslands, shrublands, and forest, N = 3) using
polygon shapefiles supplied by the farm using the extract function in the “raster” package in R. We extracted
the mean and standard deviation of NEE for each polygon. All 71 NEE hourly time series were then filtered and
gap-filled following typical EC processing procedures using REddyProc and micrometeorological data collected
at the EC tower. Because RS model input data were daytime only, we compared gapfilled average daytime ERF
data (Rs > 10 W m~2) for each crop field and vegetation type and converted to daily sums of NEP (g C m~2), which
resulted in a better fit between the two timeseries. For the comparison of annual NEP from harvest, RS models,
and ERF NEP, we assumed that—NEE from ERF approximates NEP in the crop fields on an annual basis, as the
cumulative, total difference between all CO, sources and sinks within the entire system (Teets et al., 2018). To
quantify ERF performance, we compared ERF NEE hourly fluxes from fields around the US-DFC tower, as well
as fields outside of the US-DFC tower footprint, to a nearby EC tower, located in the intermediate wheatgrass
(IWG) field (US-DFK, Wiesner et al., 2022). We compared ERF time series of different crops (IWG, pasture,
forest, soybeans, corn, and alfalfa) to the US-DFK time series to estimate how well ERF predicted NEE fluxes of
IWG. To understand how well hourly and monthly average daily NEE time series corresponded, we determined
the mean absolute percent error (MAPE), Pearson correlation coefficient (r), and the dynamic time warping
Euclidian distance (DTW ) between gapfilled and non-gapfilled time series of the US-DFK tower and ERF time-
series consisting of IWG, soybeans, corn, alfalfa, pasture, and forest. DTW, was used to understand similarity
among time series (Baek et al., 2021; Bellman & Kalaba, 1959), which was computed using the function drw
from the package “dtw” in R (Giorgino, 2009).

2.5. Harvest NPP and Aboveground and Belowground Biomass Collections

Crop harvests occurred between June and November 2019, with four alfalfa harvests throughout the growing
season until September, corn silage harvest in September, soybean and high moisture corn harvests in October,
dry corn harvest in November, and winter wheat in late July. Winter wheat yields were estimated from harvest
load weights and assigned to fields proportionally based on acreage and historical yield data. Harvest biomass
was weighed and stored on site, except for winter wheat harvests, 53% of dry corn kernels, and 22% of soybean
harvests, which were sold (Table 3). We used harvest index data (HI; established from personal conversation with
the farm manager; Wiesner et al., 2020), dry matter fractions (Table S1 in Supporting Information S1), and root
to shoot ratios from the literature (Agostini et al., 2015; Bolinder et al., 2007; IPCC, 2006; Little et al., 2017;
Saggar et al., 2015) to calculate NEPy, .
would bias our results, we calculated harvest NEP using data from a 2019 field campaign, where aboveground
and belowground biomass were collected at three different time points during 2019 (May, July and September).
Aboveground and belowground biomass was collected at three randomly distributed locations from the 26 crop
fields within the EC tower footprint using 0.5 X 0.5 m quadrats. Vegetation types included alfalfa (3 fields),
intermediate wheatgrass (1 field), soybeans (8 fields), corn grain (4 fields) and silage (2 fields), wheat (3 fields),
and pasture (5 fields). All biomass within the quadrats was harvested flush with the quadrat frame and then oven
dried at 60°C for a minimum of 36 hr or until dry weights had stabilized before recording biomass. Belowground
biomass was estimated using soil cores after aboveground biomass was harvested from 0 to 10, 10-20, 20-40,
and 40-60 cm (soil core radius of 1.5 cm), where 10 cm cores had a volume of 70 cm?® and 20 cm cores had a
volume of 140 cm?. Soil cores were washed, and roots were extracted, dried, and weighed. We converted below-
ground biomass to g m~2 using the sum of dry matter fractions for each soil layer and a bulk density of 1.5 g m~,
representing an average for the farm soils. Total field harvest biomass was converted to g C using a conversion
factor of 450 g C per kg biomass (IPCC, 2006). To quantify how well RS models and ERF predicted annual field
NEP we used linear zero intercept models to quantify the slope and adjusted coefficient of determination (R?).
We also estimated the Nash-Sutcliffe efficiency to understand the fit of predicted and estimated harvest biomass
(Krause et al., 2005).

To check whether literature values for root:shoot and dry matter mass

2.6. Maximum Quantum Yield Improvements

‘We used ERF results to update MQY values for the different crops (i.e., alfalfa, wheat, soybeans, corn grain and
corn silage, Table 1) and perennial vegetation types (i.e., pasture, shrublands, forest, grasslands, and intermediate
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wheatgrass). To obtain MQY we fitted light response curves using NEE, R, , and photosynthetically active radi-
ation (PAR) converted from global radiation measured at the eddy covariance (EC) tower using the Rg.to.PPFD
function of the “bigleaf” package in R (Knauer et al., 2018). We quantified MQY in three different ways, using (a)
all hourly ERF NEE data (ERF, \,4y) as input to the RS model (RSggp ), (b) hourly ERF NEE data from the May
to October growing season only (ERng,MQY) to run the RS model (RSERRgS), and (c) hourly ERF NEE daytime
data (hours 10:00 a.m-3:00 p.m local time) from the growing season only (ERF,,) to replace literature MQY
in the RS models (RS, ). We selected that timeframe to match Landsat 8 (11 a.m. Central Daylight Time, CDT)
and MODIS (noon to 2 p.m. CDT) collection times within one hour. ERF, 4y was calculated for each month for
each field and vegetation type and an average value was selected as the final MQY for each vegetation. We used
the ERF MQY values as inputs to the RS GPP and R,  models to evaluate if the new RS NEP estimates improved
the prediction of farm harvest. We used Pearson correlation analysis and linear models to understand how well
RS and ERF time series correspond.

2.7. Uncertainty Analysis

Annual uncertainty of RS NEP was estimated by propagating daily GPP and R, standard deviations for each
field. Annual and daily ERF NEP uncertainty was propagated from ERF random and systematic model uncer-
tainty, systematic and random gapfilling uncertainty, as well as from field extracted standard deviations. Harvest
NEP uncertainty was accounted for by propagating the root:shoot uncertainty. Uncertainty of HI was assumed
to be negligible, based on communication with the farm manager, as well as findings from other studies which
showed low variability in HI from the Midwestern US (Prince et al., 2001).

Cattle diet nutrient intake and volatile solid output uncertainties were estimated using nutrient variations from
laboratory analyses of forage for (crude protein) CP, ash, ether extract (EE), and neutral detergent fiber (NDF) and
propagated to emission calculations. We also included standard deviations for feed dry matter (for enteric CO,)
and gross energy (for enteric CH,) intakes and body weights for each cattle group. For direct N,O emissions we
also incorporated suggested uncertainties of +50% from IPCC reports. For volatile manure N,O emissions we
varied the fraction of volatile gas for manure from 15% to 60% as suggested by IPCC (IPCC, 2006). We varied the
fraction of leaching by +10% for N losses from manure pit leaching (Syswerda et al., 2012). For each calculation
step we estimated the percent variability which was then propagated to the next calculation step and finally to the
parameter of interest for each day and for the year. Finally, uncertainties for C milk exports were estimated from
fat, protein and milk energy content variations taken from milk test day results from 2019. Uncertainties for diesel
emissions, electricity and natural gas consumption were assumed to be low as purchase records were available.

3. Results
3.1. Annual Harvest Yields and Spatiotemporal Net Ecosystem Production of Carbon

Annual farm harvest data indicated the greatest total biomass production from corn and alfalfa fields. However,
total biomass varied as a function of literature (Harvest, ;) or field (Harvesty,,,) measured root:shoot and dry
matter percentages (Table S1 in Supporting Information S1). From farm data alone the USDFRC dairy farm
accumulated between 13 and 15 million kg of CO,, where approximately 3 million kg of CO, were sold and
exported from the farm boundaries. Overall, uncertainty arising from root:shoot and dry matter values from farm
harvest data was greater (by up to 500%) compared to RS and ERF uncertainties combined (Figure 2).

3.2. Remote Sensing of the Net Ecosystem Production of Carbon

RS, predicted field NEP well (an overestimation of Harvest, ;, and Harvesty,,, by 11%—19%), however R? and
Nash-Sutcliffe (E;) values were lower (R? = 0.86 and E; = 0.57) compared to ERF (0.89 and 0.62) and RSp,.
(0.89 and 0.68, Figure 2). ERF overestimated field Harvest,; and Harvest,, by 13%—20%, but the variance of
predicted versus Harvest, ; and Harvesty, , was lower compared to RS ; (standard error 0.056 vs. 0.049; Figure 2).
RS xr predicted Harvest, ; and Harvest,, within a 5% error margin. Overall, RS, results improved the model
fit (slope and R?, Figure 3) by 10%—17%, depending on the harvest NEP model (e.g., field root:shoot). RS results
using ERF,; MQY (RSg,,) data resulted in an overprediction of total crop yield by ~27-35% (E; = 0.36),
whereas RSy . underestimated crop yield by 13%-29% (E; = 0.62), depending on the harvest biometric model
(Figure S2 in Supporting Information S1).
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Figure 2. Regression results (a) calculated for net primary productivity results from remote sensing (RS) models using
maximum quantum yield (MQY) data from the literature (RS, ), eddy covariance Environmental Response function (ERF)
results (ERF) and improved RS models using ERF MQY calculated from growing season daytime data (RSyg.) versus harvest
data using literature measured root:shoot and dry matter values (Literature) and field sourced root:shoot and dry matter values
(Field), and (b) comparison of total net primary productivity (NPP) from harvest data using literature root:shoot and dry
matter values and field-measured root:shoot and dry matter values, with eddy covariance ERF and RS models RS, ERF,
RSpgg Error bars indicate variability associated with uncertainties from each respective model.

Estimated farm NEP using literature MQY in RS models (RS, ;) yielded similar results to the ERF approach,
whereas the improved models using ERFy,,y (RSgp) yielded overall lower biomass, except for soybeans
(Table 2). RS models using ERF,; \;oy (RSggp ) predicted the greatest NEP for all vegetation types. In contrast,
total annual NEP from RS models using ERF,, \;oy (RSy;:,) yielded overall lower estimates for each crop type.

Harvest predictions using RS models improved for all crop types using ERF,,y, except for soybeans (£, = 0.36),
which showed a better fit when using ERF ,,y that included both daytime and nighttime information (E; = 0.57;
Figure S1 in Supporting Information S1). Our data also indicated that MQY was different for corn silage (0.5;
E;=0.9) and corn grain (0.65; E; = 0.69) varieties grown at the farm. Overall corn yield prediction was subject
to the lowest uncertainty (R* > 0.9) compared to other crops. Alfalfa harvest models correlated better with
RS results when using literature root:shoot (slope = 0.99; E; = 0.6 vs. 0.49 for field root:shoot), while ERF
corresponded better with alfalfa Harvest,,, when using greater root:shoot (slope = 1; E. = 0.61 vs. 0.42 for
literature root:shoot; Figure S1 in Supporting Information S1). Similarly, our data indicated a close correlation of
predicted yields from RS and ERF for wheat when using field measured root:shoot ratios (Harvesty,,,). Neverthe-
less, the fit was lowest for wheat models compared to other crop types at the farm (E; < 0 for all models).
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Figure 3. Total annual farm net ecosystem productivity (NEP) from remote

sensing models which used maximum quantum yield (MQY) values from
the literature (RS, ), daytime NEP eddy covariance data calculated using

the environmental response function approach (ERF,,
models which used MQY values from growing season daytime data (RSgp).

ay

), and remote sensing

Perennial vegetation types (forest, grasslands, and shrublands), as well as
pastures and the intermediate wheatgrass (IWG) field accounted for over
55%-60% (depending on MQY) of total accumulated CO, at the USDFRC
farm, with grasslands and forests taking up the most carbon per year. RS,
estimated lower total annual yields compared to ERF which yielded NEP
values amounting to 55% of the total CO, taken up by the USDFRC vegeta-
tion (Figure 4, Table 2). RSy, predicted greater yield for all perennial vege-
tation types, except for forests and IWG. RSggg y and RS . yielded similar
values for perennial vegetation types. Overall, annual NEP from RS, and
corresponded best with ERF, RSERRgs and RS, (Figure 4, Table 2).

All approaches revealed lower annual productivity for soybean fields
(Figure 3, trending to more orange shades below 500 ¢ C m~2). Alfalfa
fields also had relatively low annual NEP, ranging from 500 to 1,000 g C

—2. The greatest annual NEP (>1,500 g C m~?) was observed in grasslands
and pastures, whereas forest and shrubland NEP was below 1,000 g C m~>
Projections of annual daytime NEP from ERF for the intermediate wheat-
grass field were >1,000 g C m~2 (Figures 3 and 4).

3.3. Annual Farm Net Ecosystem Exchange of Carbon From Eddy
Covariance Data

Total annual NEE including daytime and nighttime EC ERF results also
showed that soybean and older alfalfa fields (>2 years) tended to lose C
on an annual basis (100-200 g C m~2; blue shades on Figure 5), whereas
corn fields, and other crop fields remained at a positive field carbon balance
(brown shades), while having an overall lower annual NEE balance compared
to natural perennial vegetation types (forests, grasslands and shrublands).
Total ERF NEE results suggested a positive annual NEE balance for all
natural perennial vegetation types (~100-400 g C m~2). Projections of total
annual ERF NEE for the IWG field were between 300 and 400 g C m™
(Figure 5). Total annual NEE (daytime and nighttime) was greater for forests
compared to grasslands. ERF NEE estimates for perennial vegetation had
overall lower total uncertainty compared to annual crops.

For NEE time series comparisons with a nearby EC tower (US-DFK) located
in an intermediate wheatgrass field, we found that hourly and monthly aver-
ages of NEE corresponded best with the IWG ERF NEE time series (Figure
S3 in Supporting Information S1). While the ERF NEE time series for the
nearby alfalfa field (4,450) showed lower MAPE (4.0) and a greater correla-
tion coefficient (0.86) compared to IWG (4.6 and 0.77), the DTW distance
(DTW,) indicated a better fit with IWG, than alfalfa (27,956 vs. 30,744,
respectively). Other vegetation types showed greater MAPE (>4.6), lower
correlation coefficients (0.45 <r< 0.7), and greater DTW ; compared to IWG
(>28,000), except for the pasture field 4,300, which showed slightly lower
DTW, (27,715). For fields outside of the average 90% EC footprint, MAPE
increased up to 8 and r was reduced to as low as 0.59. DTW, of fields from
outside of the footprint increased up to 32,586.

3.4. Emission Estimates

Total farm emissions (~0.64 Gg + 0.04 CO,-eq month~'; ~9.9 + 0.7 Gg per
year; Table 3) were driven by enteric fermentation, with dairy cows being

the main contributors based on their numbers and the amount of feed they ingested (Figure 6). Greater overall
emissions during summer months resulted from low spreading activity and greater manure pit emissions due to

higher monthly air temperatures (>20°C). Similarly manure N,O emissions were largest during spring, summer,
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Table 2 and early fall months, when the manure pit was either agitated for spreading
Net Ecosystem Productivity (NEP, Gg of CO,) From Remote Sensing (RS) (spring and fall) or temperatures increased above 20°C (summer). Total emis-
Models Calculated Using Literature Values (RS ), the Eddy Covariance sions slightly decreased in September because more dairy cows transitioned
Environmental Response Function Approach (ERF), NEP Data From RS to dry stalls (Figure 6). As a result, total feed intake and manure excretion

Models Calculated Using ERF Maximum Quantum Yield From Growing
Season Daytime Data (RSy,.), all Eddy Covariance ERF Data (RS ),

decreased temporarily.

and Growing Season Data Only (RSpgp,,)

RS,, (Mg ERF (Mg

RSpgr RSerean RSegrgs 3.5. Net Farm Carbon Balance

Crop of C) of C) Mgof C) (MgofC) (MgofC)
. 1.036.4 1.2000 p— 20182 L ]?ally and annlual sums of NEP from ERF were less than 0.5 of RS, ; (correla-
tion ~0.76; Figure 7). However, we found that RS, and RS showed good
Conget  LALNDY AL 11455 AL 2 agreement with daytime ERF data (Rg > 5 W m~2; slope = 0.88-0.92; corre-
Corn silage 900.0 763.6 5727 763.6 545.5 lation ~0.9, Figure 7, ERF,, ). RS models predicted more respiration during
Soybeans 763.6 1,390.9 1,309.1 1,390.9 872.7 winter (December—February) compared to ERF, which predicted negligible
Wheat 518.2 436.4 272.7 436.4 163.6 respiration.
Forest 1,363.6 1,554.5 AL 12818 L The farm mitigated all barnyard (Figure 6) and management (diesel, gas, etc.)
Grasslands ~ 2,727.3 2,918.2 3,545.5 3,545.5 3,545.5 emissions (~9.88 Gg of CO,eq), as well as feed refusal (0.2 Gg of CO,eq)
Pastures 49.1 463.6 545.5 572.7 5727 and milk exports (0.05 Gg CO,), when comparing to ERF CO, uptake results
Shrublands 272.7 1,090.9 1,145.5 1,254.5 1,172.7 for the year 2019 (10.6 Gg of CO,). However, when we accounted for harvest
IWG 49.1 545 355 40.9 382 exports (3 Gg of CO,eq; Table 3) the farm exceeded net zero by 2.6 Gg of

CO,eq. The most vulnerable days for GHG mitigation were during the shoul-
der seasons (March and November), when plant CO, uptake was low, espe-
cially for fields with annual crop species and high manure spreading activity
(i.e., soybeans).

4. Discussion
4.1. Net Ecosystem Carbon Balance of the USDFRC Farm

Farm emissions, which included enteric fermentation, emissions from the manure pit, and field applications were
mitigated by on-farm crop production and perennial natural vegetation (i.e., forests, shrublands, grasslands and
pastures). Perennial natural vegetation, while comprising only 40% of the farm area, mitigated ~60% of farm
emissions. Our results are in support of commonly identified NCS to mitigate GHG emissions, which include
high carbon accumulation capacity of pasture ecosystems with conservative nutrient management (Fargione
et al., 2018; Griscom et al., 2017; Voglmeier et al., 2020; Wall et al., 2020). Increasing pasturing in dairy cattle
production systems often increases enteric fermentation while also reducing milk efficiency (Beukes et al., 2010),
but several studies found overall lower GHG budgets of dairy farms that had greater proportions of pastures on
farm (Ribeiro-Filho et al., 2020) due to lower agricultural intensity.

Peaks of low emission mitigation capacity occurred during shoulder seasons (November through mid-May),
when plant CO, uptake was low, especially for winter fallow fields. We observed the lowest emission mitiga-
tion capacity for the months of February, May, and October, due to low temperatures and snow cover (Febru-
ary), as well as frequent manure spreading, planting and harvest activities (May, October) leading to greater
field N,O, CH,, and CO, emissions. Emission mitigation potential increased again in March, presumably
due to snow melting and initiating plant activity from perennial natural vegetation (Lubbe et al., 2021; Vyse
et al., 2019). Maximum mitigation potential was observed in July and August when plant productivity was at
its peak.

While other research has identified increased feed efficiency as an approach that would reduce GHG emissions
in dairy farms (Jayasundara et al., 2019), our data suggest that improving landscape productivity via perennial
vegetation and reducing winter fallow would allow for more realistic mitigation strategies. While NCS such as the
implementation of agroforestry and pastures (Fargione et al., 2018; Griscom et al., 2017) in integrated livestock
systems may reduce plant productivity at the field scale and feed efficiency at the animal level, the increased C
sequestration capacity of these solutions could substantially reduce (via lower input requirements) and/or mitigate
(via greater production) on-farm GHG emissions from cattle.
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Table 3

Annual Harvest Calculated Using Literature Root:Shoot Ratios (Harvest, )
and Farm Measured Root:Shoot Ratios (Harvest,,) and Estimated Net
Ecosystem Productivity (NEP) From Total Annual Eddy Covariance
Environmental Response Function Results (ERF), Daytime ERF Data
(ERF,,,), Remote Sensing Models Using Literature Data (RS,;) and
Improved Remote Sensing Models (RS ), as Well as Barnyard and
Management Emissions and Exports in CO,eq at the Dairy Forage Research

4.2. Remote Sensing Model Improvements Using Eddy Covariance

We show that EC CO, exchange can be extended beyond the EC footprint to
the farm scale using the ERF approach developed by Metzger et al. (2013)
and Xu et al. (2017), as evidenced by good agreement with harvest data.
Updating plant physiological parameters such as MQY in RS models using
EC EREF significantly improved the prediction of crop yields (Harvest, ;, and
Harvesty,,,) for crops grown at the farm. While RS, ; showed good agree-

Center Farm for 2019 . X
ment with Harvest, ;, and Harvesty,,,, ERF inputs decreased the spread of
Whole farm  Natural vegetation  Crop fields 4,5 variability and improved the overall fit by ~10%. An improvement of
Type (Ge CO) (Ge CO) (Ge Co) this magnitude is promising for more accurate predictions of changes in
NEP ERF 10.6 (0.39) 6.8 (0.25) 3.8(0.14) carbon stocks within agricultural production systems beyond the bounda-
NEP ERF,,, 40.3 (1.49) 22.0 (0.81) 18.3 (0.68) ries of one farm. Using Landsat data this could be accomplished on field
NEP RS, 404 (0.77) 20.1 (0.38) 16.5(0.31)  to regional scales, similar to other RS products (Xue et al., 2021). While
NEP RS, 38.8 (0.70) 19.1 (0.35) 15.8 (0.29) oth'er studies achieved similar refsults using datajm(.)djel fusion techniques,
their results are often based on single towers for individual landcover types
Harvesty, B B 13318 (Chen et al., 2010; Fu et al., 2014). Our approach uses a single tower for
Harvestg;q - - 15.02.0) multiple vegetation types, thereby improving the cost efficiency compared to

Harvest export - = 3.11(0.4) multi-tower operations (Novick et al., 2022).
Diesel 036 () B - We showed that EC ERF can extend the scale of EC footprints to a farm and
Natural gas 0.13(=) - - landscape level, thus matching the scale of RS models. All 10 vegetation
Electricity 0.03 (=) = == types from a single 30 m eddy-covariance tower (N = 1) could be quanti-
Milk export 0.05 (0.009) - - fied separately by ERF, where traditional eddy-covariance would require at
Feed refusal export 0.2 (0.003) least one tower per vegetation type (N = 10). This improves the economic
Enteric methane 2.4 (0.007) B B viability of eddy-covariance by an order of magnitude when linked to RS via
. ERF. It further makes the integrated data product more robust through exact

Enteric CO, 3.3 (0.01) - - . . . cn . I, .

spatial matching of the inputs and by quantifying variability within each
bl L 0.7 (0.008) - - vegetation type. Hence, strategically placed EC towers within agricultural
Barn floor CO, 0.9 (0.007) = = regions could serve as benchmark sites to inform RS parameters to map land-
Barn floor CH, 0.15 (0.001) = - scape productivity and agricultural yields beyond single farms on regional or
Barn floor NH, 0.02 (<0.001) national scales (Smith et al., 2019), in addition to obtaining more fine scale
Manure N,O 0.06 (0.001) _ _ informzlitlon on CO, exchange of the landscape. Furthermore, such bench-
mark sites would allow for automated MQY value calculations that could
Manure N,0 vol 0.7 (0.7) B B be used as input to regional RS products (Running & Zhao, 2015; Running
Manure NH, vol 0.3 (<0.001) - - et al., 1999; Wang et al., 2020), to account for the spatial and temporal varia-
Manure N,O leach 0.1 (0.01) - = bility of different vegetation types. These models could then be used to esti-
Field manure & fertilizer  0.62 (0.003) - == mate changes in ecosystem C accumulation on regional or national scales by
Ukies 0.11 (0.002) - - quantifying the interannual variability of C inputs and exports, as a function

Note. Numbers in parentheses show uncertainties estimated as described in

Section 2.7.

of harvest exports and crop residues. More importantly, trends in changing
plant physiological parameters due to climate change (i.e., rising CO, and air
temperatures) could be implemented in predictions of future crop yields to
understand the suitability and profitability of certain cropping systems while
accounting for physiological adaptations to higher temperatures and atmos-
pheric CO, concentrations (Dusenge et al., 2019). Accounting for these changes over time rather than relying on
average MQY data from the literature could substantially improve future predictions of carbon stocks and crop
yields (Crous, 2019). This is crucial as crops are being improved by plant breeders on a continuous basis (Hickey
et al., 2019), or are subject to changes in chemical applications (Shao et al., 2013) resulting in plant physiological
changes (Dusenge et al., 2019; Meena et al., 2021), which are often ignored in RS applications that estimate gross
primary productivity due to their large spatial and temporal variability (Xu et al., 2020).

Data assimilation approaches described here can inform regional and global models on a continuous basis to
improve accuracy of agricultural carbon and GHG budgets as they evolve over time (Smith et al., 2019). This is
especially important with growing ecosystem service markets that often rely on sparse sampling and oversim-
plified RS models to predict soil carbon changes, thereby likely over- or underestimating true changes in carbon
stocks (Bowen & Wittneben, 2011; Olander et al., 2013). For example, a recent study found that the spatial
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Figure 4. Comparison of total annual net ecosystem productivity (NEP, Mg C) for perennial vegetation types (forest, grass,
intermediate wheatgrass [[IWG], pasture and shrub) from remote sensing (RS) models using literature maximum quantum
(MQY) yield data (RS, ;) versus annual eddy covariance results using the environmental response function approach (ERF),
as well as NEP results and RS models with MQY using all eddy covariance data (RSyg;,)), growing season data (RS ),
growing season daytime data (RSg). Panel (a) represents all data, while panel (b) is zoomed in to 0-500 Mg C of Field NEP
RS, and 0-300 Mg C of ERF NEP, to highlight differences for pasture locations, grassland, and IWG.

landscape configuration and landscape processes (i.e., edge effects, field size, etc.) have been underrepresented
in the quantification of ecosystem services to date (Metzger et al., 2021).

The EC-ERF-RS approach presented here could account for these interactive processes to estimate carbon, water,
and energy exchanges at the landscape scale, while substantially reducing the uncertainty around these estimates.
Additionally, our approach can be used to quantify the effect size of NCS in crop-livestock systems, including
adoption of cover crops and conversions to grazing pastures (Graves et al., 2020), by establishing baseline esti-
mates of landscape productivity. Following the establishment of baseline C dynamics, the effect size of NCS at
the field or farm scale could be used to predict the mitigation potential of on-farm GHG emissions for individual
farms or farm co-ops (Bergtold et al., 2019; Blanco-Canqui et al., 2015; Bossio et al., 2020; Chahal et al., 2020;
Fargione et al., 2018; Griscom et al., 2017).

EC ERF can estimate total annual carbon budgets by accounting for total CO, fluxes of the landscape, including
nighttime respiration, in contrast to RS models which only predicted carbon fluxes during daytime. While similar
results could be achieved by placing shorter (3 m) EC towers in individual fields, the cost of doing so would be
substantially larger compared to a single tower. Furthermore, tower maintenance in agricultural systems can be
problematic, particularly for fields of intensive agricultural management, which may require moving the towers
multiple times during the year. A taller (30 m) tower combined with the ERF approach could decrease mainte-
nance costs as well as data gaps due to instrumentation relocation. Similarly, MQY could be quantified manually
via instruments that measure photosynthetic parameters (i.e., Li-6800, Licor Inc.), however the spatial scales of
such measurements are substantially lower compared to what EC towers can achieve, or would require intensive
labor costs to cover larger areas within a field.

We found that ERF NEP projections were close to annual NEP estimates of common vegetation types. Similarly,
hourly and monthly NEE timeseries correlated well with the NEE time series from the US-DFK tower, that
was located close by, thus improving the cost efficiency of EC towers by extending their information collection
reach. For example, projections of annual NEP (Figure 5) for the IWG field at the USDFRC farm were around
400-500 g C m~2, which corresponded well with estimates of one year old IWG stands in Kansas and Minnesota
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Figure 5. Annual farm net ecosystem exchange of carbon (NEE, in g C m~2) calculated from daytime and nighttime eddy
covariance (EC) data and hourly environmental response function (ERF) results. Here negative NEE (blue) indicates carbon
loss from the system, whereas positive values (brown) indicate carbon uptake. Text and numbers represent farm crop field
identifiers. The red star indicates the location of the EC tower US-DFC. Dark red contour lines represent the footprint
climatology plotted with 10 percentile intervals; the outermost contours show the 90th percentile and the innermost shows the
tenth percentile.

(Oliveira et al., 2018), as well as with estimates from an EC tower (US-DFK) located within the footprint of the
tower described here (US-DFC) (Wiesner et al., 2022). Winter wheat annual NEP budgets were also close to what
other studies found in temperate regions, amounting to ~200 g C m~2 (Schmidt et al., 2012). Additionally, while
studies using semi-empirical light use efficiency models often assume similar MQY values for corn (Madugundu
etal., 2016; Marshall et al., 2018), we found that ERF could distinguish between corn silage and corn grain fields,
suggesting differences in MQY for both crop types. This substantially improved the harvest biomass prediction of
both crops, but especially of corn silage, which had a lower MQY compared to corn grain.

Our results indicate that the direct MQY estimation from ERF timeseries using all datapoints resulted in an over-
prediction of yields (Harvest; , and Harvesty, ) for alfalfa, soybeans, and wheat fields by 20%—-50% (Figure S1 in
Supporting Information S1), while RS, ., resulted in a slight underprediction of yields, based on the inclusion
of heterotrophic nighttime respiration. A likely cause for the lower predictive power of RSy, are low activity
times during fallow, winter, and harvest as well as other management operations for crops compared to perennial
vegetation. Such agricultural management can disrupt plant photosynthesis and lead to greater heterotrophic
(i.e., decomposition of crop residues) and autotrophic respiration (i.e., regrowth following harvest). This was
likely not accurately captured by RS inputs (i.e., EVI and LST), due to the lower temporal resolution of Landsat
data (16 days) compared to management activity. These variations in respiration are difficult to incorporate
when calculating light use efficiency parameters from annual half-hourly/hourly NEE time series. Furthermore,
daytime ERF respiration calculated using REddyProc was lower compared to RS R, (by ~50%), suggesting
limitations associated with the partitioning of spatiotemporal NEE time series into GPP and R, when meteoro-

eco’

logical data (i.e., VPD, T and radiation) are only available from one location within the farm setting (US-DFC

WIESNER ET AL.

14 of 21



~1
AGU

ADVANCING EARTH
AND SPACE SCIENCE

Journal of Geophysical Research: Biogeosciences 10.1029/2022JG006895

. C H4ent . C H4man Cozflcor Nzoman N H3vo|

- Diference . Cozent . CH4ﬂoor Nosﬂoor . N20vol . N2Oleacn
900
600
©
£
8N
o 300
£
p '
mm
o |
° [ ] \‘
0 7 P I Rl |
g

Jan 2019 Apr 2019 Jul 2019 Oct 2019 Jan 2020

Figure 6. Barn and field emissions by month converted to CO,,, for direct comparisons, where CH,,, is enteric
fermentation to methane, CO, . enteric CO,, CH, ., is manure CH, emissions, CH, .., CO, ;.- and NH, ;. are barn floor
CH,, CO, and NH, emissions, respectively, N,O, . is manure N,O emissions, N,O, and NH, , are indirect volatile N,O and
NH; emissions and N,O,,, ,, are N,O emissions from leaching of the manure pit. Error bars indicate average daily uncertainty
in emission estimates. The black line depicts the difference in daily sums of ERF NEP of CO, (from daytime and nighttime
data) and barnyard and field emissions, where negative values indicate greater mitigation.
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Figure 7. Daily time series of total barnyard emissions in CO,, versus daily time series of daytime and nighttime eddy
covariance net ecosystem productivity (NEP) sums using the environmental response functions approach (ERF) and daytime
eddy covariance NEP sums (ERF, ), as well as daily remote sensing NEP results calculated using maximum quantum yield
values from literature data (RS, ;) and MQY results from growing season daytime date (RSggp).
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tower). Nighttime EC data are subject to higher uncertainty, due to the application of friction velocity (u*) or
other filters to remove observations that show low coupling of the land with the atmosphere and high atmospheric
stability (Novick et al., 2004; Pastorello et al., 2020).

Nevertheless, for carbon trading programs, NEE time series would be of higher interest because they quantify
changes in carbon stocks (Paustian et al., 2019). Best results were obtained using daytime ERF NEP data points
from the growing season, which resulted in an improved fit when comparing to Harvest;, and Harvestg,,, in
contrast to both ERF time series and RS ;.. Correlations between RS, ; and ERF were highest during the growing
season (May-October). This was a function of the structure of RS models which predicted more respiration during
the shoulder season, as minimum temperature was set to —1°C following Zhang et al. (2017), thus assuming
no photosynthetic activity when temperatures were low. Nevertheless, pastures and other perennial vegetation
types can remain green and photosynthetically active during winter, and even under the snow (Skinner, 2007),
which was better captured by EC ERF. However, while ERF,, data improved the prediction of biomass accu-
mulation, total ERF NEE results captured the full carbon balance, including nighttime respiration. ERF,, and
RS models correlated well as RS models included daylight hours only (i.e., PAR, EVI and LST); Landsat and
MODIS sensors pass the USDFRC location during the hours of 11 a.m. and 2 p.m. local time (Barnes et al., 2014;
Pahlevan et al., 2014). This suggests that daytime respiration was predicted well using RS models, while night-
time respiration was unaccounted for.

We found further limitations in our predictions when extracting MQY from mixed forests at the farm, which was
related to their patchiness and the assumption that forest productivity would be similar among species within the
same location. While tree species at the farm were composed of more broadleaf species than coniferous, we would
expect differences in MQY based on variations in tree physiology (Li et al., 2018; Wong et al., 2019). Because we
did not have information on species composition and their spatial locations, we used only one shapefile polygon
for the forest, shrub, and grass locations each to extract NEE/NEP from ERF and RS models. However, as shown
in Figure 5, forest productivity varied by location (i.e., to the north and west of field 4,600). This likely led to
an underprediction of CO, uptake of forests using ERF) . To better account for these physiological variations
spatial information on species composition would be needed to extract times series and to calculate MQY by
plant functional type.

5. Conclusions

We found that updating MQY values in RS models using EC-ERF significantly improved the prediction of crop
yields at the USDFRC dairy farm. The range of data variability decreased and the overall fit of harvest predic-
tions and measured yields improved by ~10%. Our evaluation of strategies found that using spatiotemporal
EC-ERF data with commonly used RS approaches provides a viable economic pathway by reducing the number
of towers needed to quantify land-atmosphere interactions of mixed ecosystems for real-time assessment of
NCS.

Using this approach, for 2019, we found that the USDFRC farm was a net zero dairy farm when emissions,
but not farm exports, were accounted for. Natural perennial vegetation types, while only accounting for 40%
of the landscape, mitigated over 60% of all barnyard and field emissions. However, with the inclusion of milk
and harvest exports, the dairy farm exceeded net zero by 2.6 Gg of CO,, indicating the negative implications of
harvest exports, specifically for soybeans, which are grown, in part, for crop rotation benefits. This was further
exacerbated by annual carbon balances of soybean fields, which were all close to 0 g C yr~', likely due to the
short growing season and because soybeans are often planted following corn, further lowering carbon inputs from
residues. Interannual time of lowest mitigation potentials were found for manure spreading and harvest seasons,
despite higher monthly emissions during the summer months.

Our results suggest that integrated crop-livestock systems that grow most cattle feed on farm can reach net zero
when ~1/3 of the landscape is perennial vegetation like forests, shrublands, grasslands and pastures, as well
as when nutrient applications are managed according to crop needs following precision agriculture guidelines,
rather than more common spring and fall application periods. The implementation of perennial vegetation such as
forest and grasslands in dairy systems could be used as NCS to reduce and/or mitigate on farm GHG emissions,
in addition to providing an array of other important ecosystem services.
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