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Abstract Cities are taking the lead on climate change mitigation with ambitious goals to reduce

carbon dioxide (CO,) emissions. The implementation of effective mitigation policies will require accurate
measurements to guide policy decisions and monitor their efficacy. Here, we present a comprehensive CO,
inventory of an urban temperate forest and unmanaged grassland using field observations. We estimate the
annual storage of CO, by vegetation and soils and place our biogenic flux estimates in the context of local
fossil fuel (FF) emissions to determine when, where, and by how much biogenic fluxes alter net CO, flux
dynamics. We compare our hourly estimates of biogenic fluxes in the forest site to modeled estimates using a
modified version of Urban-Vegetation Photosynthesis and Respiration Model (Urban-VPRM) in Washington
DC/Baltimore area presenting the first urban evaluation of this model. We estimate that vegetation results in

a net biogenic uptake of —2.62 + 1.9 Mg C ha~! yr™! in the forest site. FF emissions, however, drive patterns

in the net flux resulting in the region being a net source of CO, on daily and annual timescales. In the summer
afternoons, however, the net flux is dominated by the uptake of CO, by vegetation. The Urban-VPRM

closely approximates hourly forest inventory based estimates of gross ecosystem exchange but overestimates
ecosystem respiration in the dormant season by 40%. Our study highlights the importance of including seasonal
dynamics in biogenic CO, fluxes when planning and testing the efficacy of CO, emission reduction polices and
development of monitoring programs.

Plain Language Summary The quantification of biogenic carbon dioxide (CO,) fluxes in cities

is important to developing, reporting, and testing the efficacy of greenhouse gas emission reduction policies.
Yet, to date there is a lack of detailed CO, flux inventories conducted in urban ecosystems which is hindering
our abilities to advance and evaluate urban carbon cycling models. Our study characterizes how unique
features of urbanization influence carbon cycling dynamics in a temperate forest and grassland and provides

a critical evaluation of a model for estimating biogenic fluxes of CO,. We identify key areas of needed model
development and identify the seasonal and temporal significance of biogenic fluxes relative to total CO, fluxes
(biogenic + anthropogenic sources) in our study area.

1. Introduction

Urban biological carbon dioxide (CO,) sources and sinks strongly influence atmospheric concentrations of CO,
both globally and locally (Hutyra et al., 2014; Sargent et al., 2018). The abundance of anthropogenic sources
of CO, in urban areas—70% of global fossil fuel (FF) emissions (Le Quéré et al., 2013; U.S. Energy Infor-
mation Agency, 2013)—has led to biogenic CO, contributions to be assumed as negligible (Chen et al., 2020;
Nowak, 1993; Pataki et al., 2009, 2011). Consequently, biogenic sources are largely ignored in bottom-up CO,
emission inventories (Hutyra et al., 2014; Kennedy et al., 2009; Roest et al., 2020) and remote sensing-based
estimates of landscape CO, fluxes (Boesch et al., 2011; Churkina, 2008). However, vegetation can comprise a
large portion of urban land areas (ranging from 4% to 53%; Lavalle & Martins, 2002; Nowak et al., 2001) and
has been found to contribute significantly to urban CO, fluxes (Decina et al., 2016; McRae & Graedel, 1979;
Miller et al., 2012; Milnar & Ramaswami, 2020; Pataki et al., 2003; Sargent et al., 2018). Globally, efforts are
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underway to increase canopy cover in cities to help offset emissions and to cool cities (Fargione et al., 2018;
Lamb et al., 2019). While biological uptake of CO, in cities has been estimated to offset between 0 and >100%
of local FF emissions depending on the locale, season, and hours of the day considered (Lauvaux et al., 2020; M.
Zhao et al., 2010; Sargent et al., 2018; Yin et al., 2010), there remains a lack of detailed biological carbon flux
measurements to test inventories and model fluxes, hindering our ability to generate accurate modeled estimates
of urban Co, emissions (Gurney et al., 2005; Hutyra et al., 2014; Kennedy et al., 2012; Lauvaux et al., 2020). As
cities across the globe are setting ambitious goals to reduce CO, emissions and implement nature-based climate
solutions (Fargione et al., 2018; Rosenzweig et al., 2010), CO, monitoring systems that include accurate regional
modeling tools coupled with evaluation from on-the-ground measurements are needed to guide policies and de-
termine their efficacy (Hsu et al., 2019; W. Zhou et al., 2019).

The challenge in generating empirical estimates of biogenic C fluxes in urban areas is rooted in the variety of
sources and sink dynamics that are spatially and temporally variable (Clark et al., 2001). The net CO, balance
or net ecosystem exchange (NEE) of biogenic CO, fluxes is the small difference between large fluxes associated
with ecosystem respiration (R,; year-round fluxes with day/night variations) and photosynthetic C assimilation
(growing season and daytime process). While the NEE of biogenic CO, is small on an annual basis, the gross
ecosystem exchange (GEE) of CO, between biosphere and atmosphere is large and varies significantly on diel
and seasonal time scales (Hardiman et al., 2017; Hutyra et al., 2014), impacting observed urban atmospheric CO,
mixing ratios (Sargent et al., 2018). The major components of biogenic R, are from autotrophic sources (leaf,
stem, and root associated respiration) and heterotrophic sources (decomposition of coarse woody debris [CWD]
pools and C substrates in the soil). In managed landscapes, the decomposition of imported labile C sources such
as compost and mulch can also contribute substantially to heterotrophic respiration (Decina et al., 2016; Hundert-
mark et al., 2021) The major source of CO, uptake is from photosynthetic activity of plants and the storage of this
fixed CO, in plant biomass and soils which vary in functional type across urban landscapes (Pataki et al., 2006,
Figure 1).

Urbanization creates a suite of novel ecosystem conditions that can have important, but poorly constrained impacts
on ecosystem CO, balance that are not reliably predictable from intact rural systems (Hardiman et al., 2017). Yet,
models of CO, fluxes that include biological sources are predominantly developed to be used in rural areas. Both
bottom-up (Briber et al., 2015; Gough & Elliott, 2012) and top-down (Lauvaux et al., 2020; Pataki et al., 2006;
Sargent et al., 2018; Turnbull et al., 2015) approaches for quantifying CO, fluxes have demonstrated the enhanced
productivity of vegetation in some urban areas. Across many biomes, studies show the potential for large C se-
questration rates in cities (Churkina et al., 2010; Jo, 2002; Nowak & Crane, 2002; T. T. Zhao et al., 2012) with
enhanced growth rates of urban vegetation (Golubiewski, 2006; Reinmann & Hutyra, 2017; Smith, Dearborn, &
Hutyra, 2019). The net productivity per unit plant biomass in cities is stimulated by more optimal plant growth
conditions (e.g., temperature, water, light, CO,, and nutrients) than adjacent rural settings (S. Zhao et al., 2016).
For example, urban areas experience elevated ambient air temperatures (the urban heat island effect; Kim, 1992;
Oke, 1982) and a lengthening of the urban growing season (Melaas et al., 2016a, 2016b; X. Zhang et al., 2004).
Net productivity can be stimulated by elevated ambient CO, concentrations (Ainsworth et al., 2012), greater
nutrient availability from direct fertilization or indirectly from deposition (Decina et al., 2016; Rao et al., 2014),
high light environments (Reinmann et al., 2020; Trlica et al., 2020), and potential for higher water availability
from irrigation and leaking infrastructure (Randrup et al., 2001; Stal, 1998). Similarly, urban conditions can
elevate soil respiration rates due to the import of labile C sources and use of fertilizers (Decina et al., 2016; Hun-
dertmark et al., 2021; Townsend-Small & Czimczik, 2010).

Conversely, urban conditions can negatively affect net productivity and ecosystem respiration rates. For example,
net productivity of vegetation can be decreased through increased pollutant loads (e.g., ozone, heavy metals;
Ainsworth et al., 2012; Krupa & Manning, 1988; Ollinger et al., 2002), poor soil conditions (Pickett & Cade-
nasso, 2009; Rahman et al., 2011; Roman & Scatena, 2011), management choices (e.g., road salting, extensive
pruning, and removal of hazard trees; Roman & Scatena, 2011), the amplified impacts of heat waves (Li & Bou-
Zeid, 2013; Teskey et al., 2014), abundance of invasive species (Ives et al., 2016; Kiihn et al., 2004), and unique
wildlife pressures (i.e., deer herbivory; Bressette & Beck, 2013). Soil respiration rates can also be reduced due to
high levels of impervious surfaces in urban centers resulting in less soil area being connected to the atmosphere
(Decina et al., 2016) and due to the removal of carbon substrates (i.e., leaf litter; Templer et al., 2015).
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Figure 1. Image of forest field site illustrating the dominance by large Tulip trees (Liriodendron tulipifera) and blanket of
invasive Japanese stilt-grass (Microstegium vimineum) on the forest floor. Boxes represent major ecosystem respiration fluxes
(in yellow) and gross ecosystem exchange (GEE) (in blue) quantified in the carbon inventory at forest site. The width of
arrows indicate relative size of each flux to total R, or GEE, respectively.

The key determinant of biogenic CO, fluxes among and within urban areas is variation in vegetation type, canopy
extent, and management practices. Urban greenspaces are inherently heterogenous with different vegetation types
(e.g., trees vs. grasses) receiving different degrees of management (e.g., irrigation, pruning/mowing, mulching,
fertilizer), and existing across a spectrum of urban intensities (e.g., street trees in the urban core vs. residential
forest patches or city parks) that collectively impact the magnitude of CO, flux dynamics. An understanding of
how these different greenspaces cycle C is important to obtaining temporally and spatially robust CO, flux esti-
mates needed to guide and test policy decisions (Hutyra et al., 2014).

The current generation of ecosystem and climate models used by the scientific community to estimate biogen-
ic CO, fluxes were not developed, parameterized, or validated to effectively capture urban areas. Several pro-
cess-based models developed and parameterized for natural ecosystems have been applied to urban areas, howev-
er, they often lack high temporal frequency (e.g., hourly flux estimates), require complex parameter specification,
and incur significant computational effort (Churkina, 2008). The models currently under development have var-
ying process-based and management details relevant to urban areas, including those operating at the individual
tree scale such as i-Tree (formerly referred to as UFORE; Nowak, 2020), remote-sensing driven models like Ur-
ban-VPRM (Urban Vegetation Photosynthesis Respiration Model; Hardiman et al., 2017), and first order models
such as ICLEI—Land Emissions And Removals Navigator tool (https://icleiusa.org/learn/). Some flux studies
have related seasonal patterns to land cover variability (e.g., urban vegetation) only in broad, qualitative terms
or to spatially limited areas (i.e., immediately surrounding a flux tower), which limits city-scale understanding
of the urban C cycle (Bergeron & Strachan, 2011; Crawford et al., 2011; Helfter et al., 2011; Jarvi et al., 2012;
Kordowski & Kauttler, 2010). At the global scale, Churkina (2016) estimated C fluxes of urban areas based on
calculating uptake and respiration rates for vegetation and other contributors of the urban C cycle by multiplying
the urban extent with the fraction of greenspace in urban areas globally and the gross CO, uptake rates of urban
vegetation, but assuming uptake rates of a temperate humid forest (Luyssaert et al., 2007). Similarly, most exist-
ing ecosystem C exchange models have been developed and parameterized for grassland, agricultural, and forest
ecosystems and then modified for application to urban systems assuming urban vegetation responses to environ-
mental conditions in a similar manner as vegetation in rural settings. This assumption has proven incorrect on
many occasions (Hardiman et al., 2017; Hutyra et al., 2014; Kaye et al., 2005; Smith, Dearborn, & Hutyra, 2019).

Light-use efficiency models based on remotely sensed data, such as the Vegetation Photosynthesis and Respi-
ration Model (VPRM; Mahadevan et al., 2008), show promise in providing accurate estimates of biogenic CO,
fluxes at high temporal and spatial resolution, while remaining computationally tractable. It is important to note,
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however, that light-use efficiency models are not mechanistic in nature and cannot provide insights into drivers
of C storage dynamics but rather help to quantify C flux dynamics. The VPRM was modified by Hardiman
et al. (2017) to include factors unique to urban C cycling, in particular the fraction of impervious surface area
(ISA) and impacts of urban heat island on air temperatures. The VPRM generates estimates of GEE based on
light-use efficiency and ecosystem respiration based on phenology and air temperature (or soil temperature in
some cases; Luus & Lin, 2015) using a combination of remote sensing products, such as the enhanced vegetation
index (EVI) or normalized difference vegetation index (NDVI) and meteorological data on temperatures and
photosynthetically active radiation (PAR). The spatial resolution of the model is based on the remote sensing data
products with 500 m Moderate Resolution Imaging Spectroradiometer (MODIS) being more commonly used
(Hardiman et al., 2017). However, 30 m Landsat data or 10 m Sentinel-2 data could also be used and in doing
so generate spatial estimates of biogenic CO, fluxes that better capture the heterogenous growing conditions of
urban greenspaces. The VPRM has been parameterized for a range of forest types, agricultural, and grassland
ecosystems and has been extended to deciduous forests (Hardiman et al., 2017; Mahadevan et al., 2008), agri-
cultural-urban systems (Lauvaux et al., 2020), arid systems (Park et al., 2018), urban mediterranean systems
(Parazoo et al., 2021), and recently run across continental scales for eastern United States and Canada (Gourdji
et al., 2021). In all cases the model requires only four parameters per vegetation type, compared to, for example,
the 56+ parameters required by the processed based SiB4 land model (Haynes et al., 2019). Furthermore, VPRM
has been found to outperform these other process-based models (e.g., SiB4 and CASA) in explaining CO, varia-
bility (Gourdji et al., 2021). Validation efforts of the VPRM have focused on areas with eddy covariance towers
and, to our knowledge, has not been critically evaluated in an urban landscape using field based inventories of
biogenic CO, fluxes.

Here, we present both field observations and modeled estimates of biogenic CO, fluxes in a fragmented urban
temperate forest and unmanaged grassland to understand the influence of urbanization on C dynamics. In the case
of the forest site, we offer an evaluation of the Urban-VPRM in this context. Specifically, we test the following
hypotheses at the FOREST (Forested Optical Reference for the Evaluation of Sensor Technology) site on the
National Institute of Standards and Technology (NIST) urban campus in Gaithersburg, Maryland. First, we hy-
pothesize that the novel conditions created by urbanization will result in urban vegetation acting as a net sink for
atmospheric CO, with notable temporal variability in C storage and CO, flux dynamics. We test this hypothesis
with a field-base CO, inventory in study plots established at the FOREST site and adjacent unmanaged grassland.
Second, we hypothesize that the VPRM will closely approximate GEE and R, dynamics observed in the CO,
FOREST inventory. We will test this hypothesis by running the Urban-VPRM for the same forest patch area in
which our field-based inventory plots are located, identifying key areas in need of model development. Third, we
hypothesize that CO, flux dynamics will vary seasonally between the forest patch and unmanaged grassland. We
will test this hypothesis by examining the temporal dynamics in CO, fluxes generated by the Urban-VPRM for
the areas overlapping the FOREST patch and adjacent unmanaged grassland. Lastly, we will examine how net
biogenic CO, fluxes influence temporal and spatial patterns in net flux dynamics (biogenic + FF) by expanding
the spatial scope of our study to a 6 km? area around the FOREST site. Broadly we predict the region will be
a net source of CO, driven by FF emissions, however, by examining the fine spatial and temporal scale of flux
dynamics, we expect to identify when and where urban vegetation strongly impacts net CO, flux dynamics in the
study region.

2. Materials and Methods

2.1. Overview

Our study examines the structure and function of urban forest patch and unmanaged grassland as it pertains to
CO, fluxes and aboveground C storage using biometric measurements. Our field site is located at the NIST urban
campus in Gaithersburg, Maryland (Figure 2) in the FOREST plot (Figure 2a) and adjacent unmanaged grassland.
We present for the FOREST and grassland study plots annual estimates of C dynamics (Table 1). In the case of the
FOREST plot where we had a higher frequency of measurements, we present hourly estimates of all major CO,
fluxes and compare them to modeled estimates of biogenic CO, fluxes using the Urban-VPRM model. We com-
pare hourly estimates from the Urban-VPRM for the FOREST and grassland study areas to examine differences
in CO, fluxes among these different land use types. To explore the temporal and spatial significance of biogenic
CO, fluxes relative to anthropogenic FF emissions of CO, we expanded the scale of the Urban-VPRM analysis
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Figure 2. Panel (a) shows an aerial image illustrating the spatial extent of analysis. The Landsat grids (shown in white) correspond to those used when comparing
Vegetation Photosynthesis and Respiration Model (VPRM) estimates to field inventory estimates of CO, fluxes. An example of 500 m Moderate Resolution Imaging
Spectroradiometer grids (shown in red) are shown to illustrate how the 30 m run of the VPRM compares to traditional scale at which the model is run (Mahadevan
et al., 2008). The Forested Optical Reference for the Evaluation of Sensor Technology (FOREST) site is shown in yellow. Panel (b) shows a zoomed in map of the
1 ha FOREST site and location of grassland study plots. The location of study instrumentation for meteorological observations are shown in blue and soil respiration
measurements are shown in yellow.

to a 6 km? area around the FOREST site to examine the combined effect of biogenic and FF sources of CO, on
net flux dynamics. In all cases, we ran a modified version of the Urban-VPRM to estimate biogenic CO, fluxes
at 30 m resolution. While the original formulation of the VPRM was run at 500 m (Mahadevan et al., 2008), the

Table 1

Biogenic Carbon Dioxide Flux Estimates Computed Using the Field-Based Inventory and the Urban-VPRM Model for the
Forest and Grassland Site for Both an Annual Time Period and the Summer Months of June, July, and August (JJA)

Site Forest Grassland

Time period Annual JIA

Estimate Inventory VPRM Inventory VPRM Inventory VPRM
Ecosystem respiration

Coarse woody debris 1.40 + 0.28 - 0.60 + 0.07 - - -
Heterotrophic soil 362+ 1.1 - 1.57 £ 0.28 - - -
Total heterotrophic 5.02+12 - 2.17 +0.29 - - -
Autotrophic soil 0.904 + 0.28 - 0.39 + 0.07 - - -
Autotrophic stem 0.890 + 1.0 - 0.37 +0.25 - - -
Autotrophic leaf 2.77 + 0.80 - 1.35+0.19 - - -
Total autotrophic 456+ 14 - 2.11 £0.32 - - -
Total 9.58 +1.8 11.70 428 +0.43 4.17 2.08 + 0.59 1.32
Gross ecosystem exchange

Canopy —12.2 +0.63 -12.6 =795 +0.16 -9.13 —6.94 + 0.57 -5.23
Net ecosystem exchange -2.62+19 —0.91 -3.67 +£0.46 —4.97 —4.86 + 0.82 —-3.91

Note. Fluxes are reported in units of Mg C ha~! yr~! +error. Error is shown as the root mean square error. Total uncertainty
in net ecosystem exchange estimates is computed as the root mean square of component errors.
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30 m resolution better captured fine-scale spatial heterogeneity prevalent in urban systems. This allowed for dis-
tinction between fluxes across patches of unmanaged grasslands and forested areas. In the case of the FOREST
site, this allowed for a direct comparison to hourly field inventory estimates of biogenic fluxes thereby providing
critical evaluation of the Urban-VPRM in this ecosystem.

Figure 1 summarizes the major CO, fluxes empirically quantified to compute the GEE and R, estimates. Negative
fluxes represent gross carbon uptake or GEE while positive fluxes represent releases of carbon to the atmosphere
or R.. NEE is the difference between GEE and R,. Fluxes are reported as pmols CO, m™ s~! when presenting
daily or hourly estimates and are reported as Mg C ha~! when presenting seasonal or annual estimates. We report
CO, fluxes at the grassland site for the summer months of June through August when measurements were actively
being made and present those as a cumulative flux (Mg C ha~!; Table 1). We do not present hourly estimates
in the grassland plots due to the lack of temporally resolved estimates of grassland leaf area. Conversely, in the
FOREST site we report daily mean fluxes (pmols CO, m™2 s™"), in addition to cumulative flux estimates for the
summer months of June through August (Mg C ha™') and for the entire year (Table 1).

2.2. Biometric Measurements
2.2.1. Site Description and Meteorological Variables

In May 2017, a 100 m by 100 m plot was established along the edge of the 26 ha forest fragment at the FOREST
site. In May 2018, three 1 m by 1 m plots were established in the adjacent unmanaged grassland (Figure 2b). The
FOREST plot is a Liriodendron tulipifera/Quercus sp. dominated stand with a 3 m wide stream flowing through
the plot approximately 25 m from the forest edge. The forest edge of the plot has a southeastern aspect with a west
facing “soft” edge with low stem density (Figure 2b). The forest understory is dominated by Japanese stiltgrass
(Microstegium vimineum), a highly productive invasive annual grass common in many urban forests of the eastern
United States (Averill et al., 2017). The site has a high density of deer with an estimated 85 individuals km=2 in
2017 (Rutberg & Naugle, 2008). Soils are classified as Glenelg series silt loam with a high clay content and low
levels of soil organic matter (Natural Resources Conservation Service, 2018). Mean summer (June through Au-
gust) air temperatures are 23.5°C and mean winter (December to February) air temperatures are 1°C. Mean annu-
al precipitation are 1,093 mm and evenly distributed throughout the year (National Climatic Data Center, 2018).

The FOREST and grassland plots were instrumented with sensors measuring relative humidity, air and soil tem-
perature, and soil moisture (Figure 2b). Soil temperature and moisture were logged hourly at a depth of 10 cm.
Soil temperatures were measured with Onset HOBO Pendant Dataloggers at 11 locations (n = 22) across the
FOREST plot and one location in the grassland plots. Soil moisture was measured with Onset HOBO Soil Mois-
ture Smart Sensors at five locations across the FOREST plot and one location in the grassland study area. Air
temperature and relative humidity were measured hourly with HOBO Data Loggers at 14 locations in the FOR-
EST plot and at one location in the grassland study area. PAR data was derived from the Geostationary Opera-
tional Environmental Satellite-16 (GOES-16) level 1b radiances for 2018 at a spatial resolution of 0.05° by 0.05°
and hourly temporal resolution (EUMETSAT OSI SAF, 2021, 2018). We found that the GOES-16 PAR data
closely approximated available site-level PAR conditions measured for part of the summer using Onset HOBO
PAR Smart Sensor (Figure S1 in Supporting Information S1).

2.2.2. Carbon in Standing Biomass

Aboveground biomass (AGB) in vegetation was quantified using allometric equations based on tree diameters
at 1.37 m height (i.e., diameter at breast height or DBH). In May 2017, all trees in the plot with stems >5 cm
DBH were tagged and DBH was recorded, including standing snags. In November 2019, a re-survey of tree DBH
was conducted to estimate tree mortality, recruitment of new stems with DBH >5 c¢m, and contributions to the
CWD pool. To minimize remeasurement error between years in DBH estimates, the height of DBH measurement
of each tree was marked with the nail of each tree tag and all trees in the plot were remeasured. During the re-
survey, on a subset (approximately 10% of trees) two researchers measured DBH to reduce measurement error.
Aboveground forest carbon stocks were estimated using DBH-based allometric equations on an inventory of all
tree stems greater than 5 cm. The allometric equations by Chojnacky et al. (2014) were used in all cases except for
the tree species L. tulipifera. The site included 21 very large L. tulipifera trees which exceeded the range of tree
sizes (up to 65 cm) from the Chojnacky et al. (2014) allometric equations, potentially causing an over-estimate of
standing biomass. To account for this, we used allometric equations from Stoval et al. (2018) for the L. tulipifera
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trees which were derived using LiDAR for a mature L. tulipifera dominated forest stand nearby the FOREST site
(145 km west). This approach reduced the C in AGB estimate by 3.31 Mg C ha™! yr™! or a 1.1% difference in
AGB estimates.

The AGB in the unmanaged grassland were quantified through destructive harvest in September 2018. We har-
vested all AGB from two, 25 cm by 25 cm subplots adjacent to each of the three grassland plots described above.
The biomass was separated into four categories: litter, green leaves, green stems, and brown leaves/stems, which
reflects current year necromass associated with mid-growing season senescence common in temperate mesic
grasslands (e.g., Hutchison & Henry, 2010). Samples were dried at 60°C to a constant weight to quantify dry
biomass.

At the end of the 2019 summer, a survey was conducted to estimate the AGB of M. vimineum and its contribu-
tion to total forest net primary productivity. To calculate AGB, plant material was harvested from 25, 0.5 m by
0.5 m plots located on a 25 m by 25 m grid across the FOREST site. The samples were oven-dried at 60°C and
weighed (+0.0005 g). M. vimineum density distribution was assessed on the day of harvest using a quadrat frame
approach. Briefly, using this method 0.5 m by 0.5 m density sampling plots were laid out on a 6.25 m by 6.25 m
grid across the FOREST site (n = 289; Figure S2 in Supporting Information S1). Density was assigned into one
of the following categories, based on the area covered by M. vimineum inside the quadrant frame, 0%, 1%—25%,
26%—-50%, 51%—75%, and 76%—100%.

In all cases, carbon stocks were estimated assuming the dry AGB biomass was 50% carbon (Fahey et al., 2005).

2.2.3. Gross Ecosystem Exchange

GEE, or the total uptake of CO, from the atmosphere to the ecosystem, was computed in the FOREST and grass-
land site by using a big-leaf modeling approach (Sprintsin et al., 2012).

As an methodological overview, leaf-level estimates of gross photosynthesis are estimated from a model that uses
the relationship between direct measurements of net photosynthesis across a range of PAR conditions (i.e., light
response curves or LRC). Gross photosynthesis is the product of net photosynthesis plus leaf respiration. The
hourly estimates of leaf-level gross photosynthesis (pmol CO, m~2 leaf area s™') use hourly PAR data derived
from GOES-16 (EUMETSAT OSI SAF, 2021). PAR data from GOES could result in an underestimate of gross
photosynthesis due to inaccuracies associated with cloud conditions, however cloud conditions are accounted for
in the algorithm used to compute solar surface irradiance and estimates are validated with in-situ instrumentation
with good agreement (R?> = 0.95; EUMETSAT OSI SAF, 2018). Indeed, the GOES-16 derived PAR closely ap-
proximates available site-level PAR conditions during the summer months on both sunny and cloudy days (Figure
S1b in Supporting Information S1). Estimates of gross photosynthesis are then scaled to the entire canopy (pmol
m~2 ground area s~!) using the leaf area index (LAI) of the ecosystem. These estimates are adjusted using Beer's
law to account for light decay through the canopy (or the difference in top of canopy versus leaf-level PAR con-
ditions), and changes in light use efficiency of the leaves. Estimates were scaled across the entire growing season
by accounting for seasonal changes in LAI and LUE. We assume there are no seasonal changes in the light decay
through the canopy.

Gross leaf-level photosynthesis were estimated from light-response kinetics where net photosynthesis is directly
measured over a range of PAR conditions. Photosynthetic LRC were fitted to a non-rectangular hyperbola model
using non-linear least square techniques as described in Lambers et al., 2008 (Figure S3 in Supporting Informa-
tion S1) and this model was used to generate estimates of gross photosynthesis. LRC were measured on the five
most dominant tree canopy species including Acer rubrum, Quercus alba, Carya tomentosa, Fraxinus america-
na, and L. tulipifera (Figure S3 in Supporting Information S1). These species collectively account for 93% of the
AGB in the study plot (Figure S4a in Supporting Information S1). Due to canopy access constraints, LRC were
conducted on forest edge trees. The weighted mean of the LRC kinetics for the five species was computed based
on the relative contribution to the total AGB in the FOREST plot (Figure S4a in Supporting Information S1) and
assumed to be homogenous throughout the canopy.

In the FOREST and grassland, LRC of photosynthetic CO, assimilation across a range of PAR conditions were
measured using a LI-COR 6800 photosynthesis analyzer with the 6800-01A fluorometer head (LI-COR Bio-
Sciences, Lincoln, NE, USA). All leaves were full-sun acclimated and measured at a reference CO, concentration
of 400 pL L', a chamber air temperature of 30°C, and a vapor pressure deficit of 2. Conditions were intended
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to simulate ambient conditions for parameters other than temperature, which was set slightly above ambient to
reduce the risk of condensation within the instrument. Leaves were permitted to equilibrate for 2-5 min to a given
light intensity before measurements were recorded. In the forest, these LRC were measured between 31 July and
3 August 2017 (i.e., peak growing season) while in the grassland they were conducted on 12 June, 6 August, and
22 August 2018. In the grassland sites LRC were conducted on two grass blades per study plot for a total of 18
leaf samples for the summer of 2018. June sampling was used to represent all days in the months of June and July
while the August sampling was used for all days in the month of August.

Hourly estimates of gross photosynthesis (A, ) were scaled to the entire forest area (A ) using Beer's Law

canopy
(light decay through the canopy) and daily changes in LAI (Equation 1). The canopy PAR extinction coefficient
(k) was derived from the meta-analysis by L. Zhang et al. (2014) using the average deciduous forests value of 0.59

and average grassland value of 0.50.

ACﬂ""PY = Aleaf  (1—exp(—k % LAI)) (1)
In the grassland, LAI was assumed to be 2.0 throughout the growing season (Asner et al., 2003). Due to the
lack of a temporally resolved estimate of LAI or LUE in the grassland, we do not present hourly estimates of
grassland CO, fluxes but rather only present cumulative estimates for the peak part of the growing season (July
through August). Conversely, seasonal changes in LAI in the FOREST was computed using multiple approaches
to develop the best approximation for our field site (Figure S5a in Supporting Information S1). First, the Pheno-
Cam measurements at the NIST site were used to determine start and end dates for the growing season (Rich-
ardson et al., 2018; Figure S5b in Supporting Information S1). Second, NDVI was retrieved at the NIST site for
139 days during 2018 using the Harmonized Landsat and Sentinel-2 surface reflectance data set (HLS; Claverie
etal., 2018) V1.4. HLS data was cloud-filtered and interpolated between collection dates using a spline function.
Third, data was extracted on key land surface phenology thresholds for the NIST site from the Multi-Sensor
Land Surface Phenology product to estimate the length of the growing season (Bolton et al., 2020; Figure S5a in
Supporting Information S1). Finally, we developed a seasonal LAI scalar using LAI observations from a near-
by (~84 km east) L. tulipifera dominated forest stand at SERC (Smithsonian Environmental Research Center)
in Anne Arundel County, Maryland (National Ecological Observatory Network [NEON], 2020). Briefly, LAI
estimates from SERC were obtained by processing raw digital hemispherical photos from 13 time points from
April through October (twice per month) and were processed using the Gap Light Analyzer software version 2.0
(Frazer et al., 1999). In the main text, estimates using the SERC LAI scalar are presented, however, in the results
we discuss how the scalars compared.

The SERC- and NDVI- derived scalars were normalized to our only field estimate of LAI (value of 3.84) at the
FOREST site, taken on 2 August 2018 (Figure S5a in Supporting Information S1). This approach assumed our
August sampling was representative of spatial variability throughout the growing season. Our August estimate of
LAI was taken using hemispherical photos collected at a height of one meter above the forest floor using a full-
frame DSLR camera equipped with a fisheye lens. Photos were processed using the Gap Light Analyzer software
version 2.0 (Frazer et al., 1999) where analysis was restricted to a 53° zenith angle toward the forest interior to
minimize the influence of lateral light penetration in photos collected near the forest edge. LAl measurements
were collected on a 12.5 m grid across the entire FOREST site (n = 81 measurements) and the mean value was
3.84 + 0.08 SE.

The LUE scalar used in the big-leaf modeling approach for the FOREST study plot (Figure S6 in Supporting
Information S1) was estimated from the Duke Forest hardwood eddy covariance flux tower located in Durham,
North Carolina (described in Section 2.3) by examining GEE estimates during the growing season at controlled
PAR levels. LUE was approximated by computing biweekly average GEE under conditions where PAR was
between 1,000 and 1,600 pmol m~2 s~!. Scalars were then determined across the growing season by dividing the
biweekly average LUE under controlled PAR conditions by the maximum observed biweekly LUE. To account
for differences in latitude, the data was offset by 10 days to constrain the scalar to the shorter growing season
observed in Gaithersburg, Maryland compared to Durham, North Carolina.

2.2.4. Ecosystem Respiration

Ecosystem respiration (R), or the release of CO, from the ecosystem to the atmosphere, was computed in the
FOREST plot as the sum of autotrophic and heterotrophic sources of CO, fluxes. Empirically derived fluxes of
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autotrophic respiration included estimates of respiration by tree leaves, tree stems, and the fraction of soil respi-
ration that is from roots/symbionts. Heterotrophic respiration in the forest was the sum of CO, flux from CWD
and the heterotrophic portion of soil respiration. In the grassland plots, R, was the sum of soil and leaf respiration.

Leaf or canopy respiration in the FOREST and grassland plots were estimated using the dark respiration estimates
from the y-intercept in the LRC (as described in Section 2.2.3; Figure S3 in Supporting Information S1; Lambers
et al., 2008). The Kok effect on daytime leaf respiration was accounted for by assuming daytime leaf respiration
was 40% of dark respiration (Wehr et al., 2014). Leaf respiration estimates were scaled from the leaf-level (what

is estimated from the LRC) to the entire canopy using Equation 1, except A _ _is replaced with leaf-level estimates

leaf

of respiration from the LRC.

Stem respiration was quantified in the FOREST, but not the grassland site where it was assumed to be negligible.
In the FOREST, stem respiration was measured on 22 tree stems that are distributed across the 1 ha plot among
the dominant tree species and capturing range of tree sizes. On each stem a 15.5 cm diameter by 7 cm tall res-
piration collar was affixed at approximately 1.3 m above the ground with non-greenhouse gas emitting silicone
sealant. Fluxes were quantified with LI-COR LI-840A CO2 gas analyzer following the vented design described
by Savage and Davidson (2001) roughly every 2 weeks during the growing season. Stem respiration fluxes (units
pmols CO, m™ stem area s~') were estimated for each tree stem in the plot >5 cm using a linear regression model
with chamber temperature, DBH of the tree in 2019, and distance from forest edge. Stem respiration per tree stem
(pmols CO, s™') was computed with estimates of the total stem surface area of each tree in the plot that had a
DBH >5 cm using allometric equations in Martin et al. (1998).

In the FOREST plot, soil respiration measurements are described in Smith, Hutyra, et al. (2019). An additional
two soil collars were placed in each of the three grassland plots (n = 6 collars total). In all cases, soil respiration
was measured on 15.5 cm diameter by 7 cm tall respiration collars that were inserted into the ground 2 cm using
a LI-COR LI-840A CO, gas analyzer following the vented design described by Savage and Davidson (2001).
Measurements in both the FOREST and grassland plots were made between May and October roughly every
2 weeks in 2018 and 2019. For the FOREST plot, soil respiration measurements were scaled to the entire year
using a linear regression model with soil temperature, soil moisture, and distance from forest edge. For the grass-
land, soil respiration values were scaled June through August using a linear regression model with relationship of
empirical estimates of soil respiration measured in both 2018 and 2019 with soil temperature. Prior studies have
shown that annual soil respiration fluxes can be estimated from year-round measurements of soil moisture and
temperature (Davidson et al., 1998; Giasson et al., 2013; Rey et al., 2002). Smith, Hutyra, et al. (2019) demon-
strated a strong edge effect on soil respiration rates at our field site that was accounted for by more intensive sam-
pling near forest edges (Figure 2b). In the FOREST, we assumed 20% of the soil respiration flux is autotrophic
(Hanson et al., 2000).

The CO, flux from CWD was estimated using an air temperature-driven respiration model across decay classes
presented in Liu et al. (2006). Coarse wood debris pools were quantified in the summer of 2017 using the line-in-
tercept method (Van Wagner, 1968). Additional contributions to the standing or fallen CWD pool between 2017
and 2019 were quantified with DBH resurvey by identifying trees that had fallen since 2017 or became snags.
Error on the CWD pool was estimated as standard deviation among 46, 10 m transects used in the line-intercept
method. Transects were distributed throughout the 1 ha plot along the south facing edge including 10 transects
along the southern facing edge (shown in Figure 2b), seven transects at 25 m in from the southern edge, nine
transects at 50 m from the southern edge, and 10 transects at 75 and 100 m from the southern forest edge. Note,
our estimates of CWD flux do not account for potential edge effects on decomposition which has been reported
to reduce rates of decomposition because of drier conditions (Crockatt & Bebber, 2015).

2.3. Urban-VPRM Model

The VPRM is a spatially explicit, data driven model that produces hourly estimates of ecosystem exchange of
CO, using remote sensing and climate analysis data products (Mahadevan et al., 2008). We ran a modified version
of the Urban-VPRM (Hardiman et al., 2017) that included the suppression of respiration rates by presence of

ISA in urban areas. Additionally, we modified the T to provide a range of temperatures (20°C-30°C) that are

!
optimal for photosynthesis rather than a fixed value as is the case in original version of Urban-VPRM. This was
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done to capture the higher and greater range of temperatures at which photosynthesis remains to be optimized
(Figure S7b in Supporting Information S1).

Below we present the necessary model equations and data specifications to apply the modified version of the
Urban-VPRM (summarized in Table S1 in Supporting Information S1). Model equations were executed in R
version 3.6 (R Core Team, 2020). Model code with example driver datasets is archived at http://doi.org/10.7910/
DVN/UNF7EB.

In the Urban-VPRM, GEE is estimated using the following equation:

1

GEE = —1 X A X Tcatle X Pscate X Wicale X EVI X I—Pﬂ X PAR @)
PAR,
where T, P_..» and W__are dimensionless scaling terms ranging from zero to one describing the influence

of air temperature, phenology, and moisture on photosynthesis. PAR is photosynthetically active radiation (pmol
m?*s™!). 2 and PAR,, are plant functional type-specific parameters describing the maximum quantum yield (pmol
CO, pmol PAR™") and half-saturation value (pumol m? s™!) of the light-use efficiency curve. EVI is the Enhanced
Vegetation Index.

The modified T'

is computed as:
scale

-

(T = Tin)(T = Trnax)

(T = Tinin)(T — Tinax) — (T — 20)*

dif 20 < T < 30; Towe = 1 3)
(T = Tin)(T = Tinax)

(T = Tin)(T = Trnax) — (T = 30°

if T <20; Tycale =

if T > 309 Tacale =

where T is the air temperature, T, is the minimum temperature for photosynthesis (0°C), and T, is the maxi-
mum temperature for photosynthesis (40°C).

P__ captured the impact of leaf age on vegetation activity and were calculated as:

scale

EVI — EVlin

Pycale =
eale EVImax - EVImin

“

where EVI , and EVI are the minimum and maximum observed EVI for each pixel during the growing season.

W

scal

vegetation water content (Gu et al., 2008; Maki et al., 2004) and is calculated as:

. 18 a function of the Land Surface Water Index (LSWTI) which has been shown to be effective in monitoring

1+ LSWI
MC& (S = T
T T LSWlhy )

where LSWI s the maximum LSWI observed for a given pixel during the growing season.

R, was computed using equations presented in Hardiman et al., 2017 that are reproduced below. First, R, is calcu-
lated as a linear function of temperature:

Reiie =T -a+f (6)

where T is the air temperature (°C), & is the sensitivity of R, to 7, and /8 is the minimum value that R, . . can take
on (pmol CO, m~2 s™!). The heterotrophic respiration component flux is then adjusted to account for restricted
diffusion of CO, due to the sub-pixel proportion of ISA as:

Reinit

Ry = (1 —ISA) X (7

EVlis used as a proxy for the amount of living biomass and the associated autotrophic respiration within a pixel.
Therefore, the autotrophic respiration component flux was scaled by pixel greenness as:
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R = EVI + EVIrcf_min x ISA % Rg,ini[

‘= EVlr 2 ®)

where EVI . is the EVI at a non-urban reference site. EVI ; . are the minimum observed EVI at the reference

site, representing a baseline leaf-off, woody biomass respiration. The final value of R, was then calculated as the
sum of the two component fluxes R, and R,.

VPRM driver data come from publicly available remote sensing and modeling products. A summary of model
parameters and their data sources and estimated values can be found in Table S1 in Supporting Information S1.
We used the AmeriFlux Duke Forest hardwood and open field towers (Oishi et al., 2018; AmeriFlux IDs: US-Dk1
& US-Dk2) to estimate VPRM coefficients for forests and grasslands due to similarities with the FOREST site in
species composition, stand age, and climate (Stoy et al., 2005). In the GEE equation, 4 and PAR,, are optimized via
nonlinear least squares regression using eddy covariance flux tower measurements of CO, flux and PAR between
2001 and 2008 from US-Dk AmeriFlux sites. T, . is derived from observations of growing season photosynthesis
and temperature at US-Dk2 (Figure S7a in Supporting Information S1). In the R, equation, § was set to the min-
imum observed R, at the FOREST site and a was determined using linear regression and observations from the
US-Dk AmeriFlux sites. PAR data came from the GOES-16 (EUMETSAT OSI SAF, 2021) which provided high
spatial (0.05° by 0.05°) and temporal (hourly) resolution of incoming shortwave radiation (Watts m=2). PAR was
approximated to be shortwave radiation divided by 0.505 (Mahadevan et al., 2008). EVI and LSWI are calculated
from the Landsat 7 and Landsat 8 Tier 1 Surface Reflectance Products (Masek et al., 2006; Vermote et al., 2016).
Using data from two Landsat sensors allows for EVI to be obtained every eight days. Daily EVI and LSWI values
are interpolated between collection dates using a spline function. Green-up and dormancy dates where acquired
from Multi-Source Land Imaging Land Surface Phenology (MSLSP30NA) product for North America derived
from HLS data at a 30 m resolution (Bolton et al., 2020). ISA data came from the National Land Cover Database im-
perviousness product (Homer et al., 2015) at a 30 m resolution. Air temperature data came from the Rapid Refresh
analysis product (Benjamin et al., 2016) at a spatial resolution of 13 km by 13 km and temporal resolution of 1 hr.

2.4. ACES Data

We compared the spatial and seasonal mean diurnal trends in the biogenic CO, estimates from the VPRM to
CO, emissions from FF combustion for the same geographic area of 6 km® We derived estimates of FF-CO,
from the Anthropogenic Carbon Emissions System (ACES) for the Northeastern USA (Gately & Hutyra, 2018).
ACES reports emissions from 10 different source sectors at a 1 km gridded resolution and hourly time-step for
2014. ACES emissions from residential, commercial, industrial, railroad, marine vessel, non-road vehicle, airport
taxiing, takeoff and landing operations, and electric power generation sources are derived from the United States
Environmental Protection Agency National Emissions Inventory (EPA; United States Environmental Protec-
tion Agency, 2014a) and the EPA Greenhouse Gas Reporting Program (United States Environmental Protection
Agency, 2014b). On-road vehicle emissions were obtained from the Database of Road Transportation Emissions
(Gately et al., 2015). Full details of the ACES methodology can be found in Gately and Hutyra (2018). For this
study, the 2014 ACES emissions were scaled forward to 2018 accounting for seasonal and daily variations in me-
teorology, fuel consumption, and traffic patterns across these years. We present spatial trends in the ACES data
as mean hourly fluxes for the months of June through August (Figure 7a) and the seasonal trends in diurnal fluxes
across the entire spatial domain (Figure 8). We define fall as the months of 1 September to 31 November, Winter
as 1 December to 31 March, Spring as 1 April to 31 May, and Summer as 1 June to 31 August.

2.5. Statistical Analyzes

Error was reported as the root mean square error (RMSE) of the empirically derived statistical models used to
scale field measurements to area-based estimates (e.g., pmols CO, m= s~ or Mg C ha™' yr™). In the case of
GEE estimates, error was computed as the RMSE of the non-rectangular hyperbola model used to generate net
photosynthesis estimates for each LRC. Total uncertainty among LRC (of tree species in FOREST plot, or among
grassland plots) was computed by taking the square root of the sum of squared error terms. In the FOREST site
error terms were weighted by the relative contribution of each tree species to the total AGB (Figure S4a in Sup-
porting Information S1). Similarly, error for estimates of stem and soil respiration fluxes was computed as the
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RMSE of the linear model used to scale these flux measurements to the forest stand. Error on the CWD flux was
computed by taking the square root of the sum of squared error terms on error associated with the CWD pool
estimate and the error on the decay rate constant in the Liu et al. (2006) respiration model. Lastly, in the FOREST
site the error in dark respiration used in the leaf respiration estimate was reported as the standard deviation of the
dark respiration measured among the five tree species weighted by the relative contribution of each species to the
total AGB (Figure S4a in Supporting Information S1). In the grassland site the error in dark respiration used in
the leaf respiration estimate was reported as the standard deviation of the dark respiration measured among the
LRC conducted on the three grassland plots. In all cases, total uncertainty in flux estimates was computed as the
square root of the sum of squared error terms.

Rigorous analysis of uncertainty and error in the VPRM are summarized elsewhere by Luus and Lin (2015), Lin
et al. (2011), and Hilton et al. (2014). In each of these studies error in the VPRM was assessed using measure-
ments of carbon fluxes from eddy covariance flux sites and independent datasets for meteorological driver data.
In the case of Luus and Lin (2015) and Lin et al. (2011) this included eddy flux towers in boreal ecosystems.
Hilton et al. (2014) assessed VPRM error at the scale of the continental United States using the network of 65
AmeriFlux eddy covariance towers. While some of the AmeriFlux towers are located in urban/suburban areas,
eddy covariance approaches are challenging to deploy in urban areas because the heterogenous terrain of urban
areas often violates the methodological assumptions of this technique, thereby making it difficult to conduct
similar error analysis in urban areas. All statistical analyses and modeling were conducted using R statistical
Software 3.6 (R Core Team, 2020).

3. Results
3.1. Biometric Measurements of Carbon Pools and Fluxes

Total AGB carbon pools was estimated as 189.5 and 3.44 + 0.61 Mg C ha™! in the FOREST and grassland,
respectively. The forest floor was covered extensively by Japanese stiltgrass M. vimineum, which contributed an
additional 0.37 + 0.07 Mg C ha~! (Figure 3; Figure S2 in Supporting Information S1). AGB in the FOREST is

Grassland Forest

82.0

801

Species

. Grassland

. Microstegium vimineum

B Liriodendron tulipifera

B Acer rubrum 46.7

B Quercus spp.
Carya tomentosa
Other

[o2]
o

19.1

N
o

Carbon stocks Mg C hat

3.44 4.19
0 | 0.40 0.147 I

Grassland Microstegium <10 11-20 21-35 36-60 61-100 >100
vimineum

DBH (cm) size class

Figure 3. Stacked bar plot showing the aboveground carbon stocks (Mg C ha™!) in the un-managed grassland and Forested Optical Reference for the Evaluation of
Sensor Technology (FOREST) site. In the FOREST site, carbon stocks are shown for the dominant tree species by diameter at breast height size class as well as the
invasive stiltgrass Microstegium vimineum groundcover. The total aboveground carbon stock is shown on the top of each bar.
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dominated by Quercus species (40%) followed by Liriodendron trees (35%)
(Figure 3; Figure S4a in Supporting Information S1). There was no recruit-
ment of stems >5 cm observed between DBH surveys in 2017 and 2019 and
low stem density in small DBH size trees suggests a lack of recruitment in the
proceeding years as well (Figure S4b in Supporting Information S1). The lack
of tree sapling recruitment is despite several canopy gaps having formed from
mortality of large trees. An additional 3.4 Mg C ha~! was added to the forest
floor CWD pool from tree mortality that occurred between 2017 and 2019.
The CWD pool on the forest floor was estimated in 2017 as 7.7 + 0.3 Mg C
ha~!. The total pool of CWD in 2018 was estimated as 11.1 Mg C ha™".

Using our biometric measurements, we find that the grassland and FOREST
site are a net sink for carbon in the summer months of June to August. In the
case of the FOREST site, where year-round measurement were made, we find
a smaller but sustained annual carbon sink. We present all flux components
for annual estimates in Table 1 and for reference we present the correspond-
ing estimates from the Urban-VPRM. Note that as a light-use efficiency mod-
el, the VPRM was developed to capture diurnal and seasonal but not annual
trends in CO, fluxes.

0 60

Figure 4. Components of inventory estimate of ecosystem respiration fluxes

120

Day of Year

180 240 300 360 In the FOREST site inventory soil respiration contributed 72% of the het-
erotrophic respiration with CWD accounting for the other 28% (Figure 4;
Table 1). Leaf respiration dominated the autotrophic respiration flux, com-

for the Forested Optical Reference for the Evaluation of Sensor Technology prising 61%. Among the three study plots in the grassland, estimates of NEE
site. The black line represents the total daily mean carbon flux (pmols varied between —2.74 and —6.77 Mg C ha~! yr~1. Soil respiration represented
CO, m™2s7"). Colored lines show each contributing component to the total 44% of grassland Re (Table 1).

inventory based ecosystem respiration estimate.

GEE estimates in the FOREST site were scaled using seasonal estimates of

LAI from either NDVI or SERC observations (see Section 2.2.3 and Figure

S5a in Supporting Information S1). The SERC derived LAI scalar consist-
ently yielded slightly higher values of GEE than the NDVI derived LAI scalar except in the fall months when
NDVI derived LAI scalar produced slightly higher estimates. Annually, the SERC derived LAI scalar estimated
0.5 more Mg C ha~! yr~! than the SERC approach. We found that the HLS product of land surface phenology
significantly overestimated LAI as the canopy senesced, predicting a 50% reduction in LAI when the onsite Phe-
noCam showed near complete canopy senescence (Figure S5b in Supporting Information S1).

3.2. Comparison Between FOREST Field Inventory and Modeled Estimates

Relative to inventory estimates, the Urban-VPRM closely approximated NEE, however with notable deviations
(Figure 5a; Figure 6). In the winter months of November to April, the VPRM overestimated NEE which was
driven by overestimate in R ; the VPRM estimated R, to be nearly twice as high during these months then was ob-
served in our inventory (Figure 6). In contrast, the VPRM underestimates NEE during spring green-up and fall se-
nescence driven by underestimates in GEE while modeled R, was in close agreement with inventory observations.

3.3. Comparison Between Modeled Estimates of Forest and Grassland CO, Fluxes

A comparison in modeled estimates of seasonal trends in daily mean flux of CO, among the forest and grassland
areas is show in Figure 5b. Early in the growing season, the uptake of CO, is estimated to be higher in the forest
than grassland, however, at approximately DOY 210 (mid-August), forest CO, uptake declines while grassland
CO, uptake is maintained. Rates of R, are four times higher in the forest than the grassland. NEE are similar be-
tween the forest and grassland sites with the forest being slightly elevated (or more negative) than the grassland
until roughly DOY 210 when the grassland has more negative NEE than the forest site (Figure 5b).
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Figure 5. Comparison of carbon fluxes (daily mean, pmols CO, m~2 s7') (a) at the Forested Optical Reference for the
Evaluation of Sensor Technology (FOREST) site between the field-based inventory (in black) and Urban-Vegetation
Photosynthesis and Respiration Model (VPRM; in red), and (b) between the Urban-VPRM runs for the FOREST (in red) and
grassland (in blue). Positive values of carbon flux represent ecosystem respiration while negative carbon fluxes represent
gross ecosystem exchange of carbon dioxide. Dashed lines represent the months of June to August (DOY 152-243). Panel

b shows data from only this time period. In panels (a and b), an inset shows the resulting NEE (—=GEE + R)) for each
comparison. Note. The axis are the same for the inset as the main panel figure.

3.4. Comparison Between VPRM Biogenic Flux Estimates and Anthropogenic Fossil Fuel Emissions

The mean annual flux of FF-CO, in our study area ranged from 2.9 pmols FF-CO, m~2s~! to 3.3 umols FF-CO,
m~2 s~ in the ACES pixels that overlap with FOREST study site. In the 6 km? area surrounding the FOREST

a)R, b) GEE c) NEE
P N
« 51 -151 B 51
: EXE 1
S 41 - 07
2 -10 1
g 3
2 -5 1
> 4 -10 1
'_
w o a .
'Eg 0 o, y=0s2c1.49; Re=0.93; p0.0001 044 —y=107m0012:R:=091,p<00001 415 ] "=y =1.20x+0.56; R2=0.84; p<0.0001
= o 1 2 3 4 5 0 5 -10 -15 -15 .10 -5 0 5

FOREST Inventory (umols CO, m2s)

Figure 6. Relationship between Forested Optical Reference for the Evaluation of Sensor Technology (FOREST) Urban-
Vegetation Photosynthesis and Respiration Model estimates (y-axis) and FOREST field inventory based estimates (x-axis) for
(a) R, (b) gross ecosystem exchange, and (c) net ecosystem exchange. Colors indicate the DOY. The dashed red line is the 1:1
line. The blue line is a linear regression through all points. The equation for the linear regression, R%, and p-value are shown
on the bottom of the figure.
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Figure 7. Aerial map showing spatial variability for 6 km? area around Forested Optical Reference for the Evaluation of
Sensor Technology study site (outlined in white) in mean June through August (June, July, and August) daily estimates of (a)
anthropogenic fossil fuel carbon dioxide emissions derived from Anthropogenic Carbon Emissions System inventory (Gately
& Hutyra, 2018) and (b) net ecosystem exchange from the Urban-Vegetation Photosynthesis and Respiration Model at a 30 m
resolution.

site we observed upwards of 33.6 umols FF-CO, m™* s™! with a mean annual flux of 11.30 umols FF-CO, m™2
s~ and mean flux during June through August of 9.87 umols FF-CO, m™* s~! (Figure 7a). There are strong tem-
poral dynamics in FF-CO, (Figure 8), with higher emissions in the winter for the 6 km? study area (daily mean
of 12.39 pmols FF-CO, m™2 s™") than during summer months (9.74 umols FF-CO, m~2 s™"). The trend in GEE
is the opposite; in the summer months there is daily mean of —5.74 umols CO, m~2 s~! while in the winter there
is no carbon uptake in this deciduous forest. Re has a narrow range across the year ranging from 1.76 umols
CO, m™? s7! in the winter to 4.20 pmols CO, m™* s™" in the summer. In the summer months, the biogenic CO,
fluxes in this study area closely approximate FF-CO, emissions during the afternoon hours (11:00 to 16:00 local
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a) Winter b) Spring time) when the atmosphere is turbulent and relatively well mixed (Sargent
20 et al., 2018) (shown as grayed out time period on Figure 8). During this time
15 period there is a net mean flux of 1.07 umols CO, m~* s~! with net biogenic
10- uptake (-GEE + R)) representing 91% of the FF-CO, flux. Conversely, in the
5 fall and spring the biogenic CO, flux (-GEE + R,) represents 0.08% and 49%,
0d = 1 respectively, of the FF-CO, emissions during the afternoon hours.
- -54 Flux
q; 0] =G 4. Discussion
—3 -151 " Cities are taking the lead on climate action with ambitious goals to reduce
g ¢) Summer d) Fall CO, emissions, often proposing nature-based solutions for reaching emis-
3 201 sion reduction goals (Rosenzweig et al., 2010). However, for cities to develop
‘.o:' 151 effective policies and know that they are meeting their goals they need to
O 101 understand how urbanization influences C cycling dynamics and have ac-
5- curate CO, monitoring systems that can capture the temporal and spatial
04 ; variability in these CO, flux dynamics that occur across cityscapes (Duren
51 & Miller, 2012; Hutyra et al., 2014). Historically, such efforts have largely
101 ignored the contribution of biogenic CO, fluxes. Here, we report a detailed
carbon inventory, the first of its kind, of the major biologically driven CO,
154, r r T r T r T T T fluxes (Figure 1) in an urban forest patch and adjacent unmanaged grassland
g 8 0D zl-(l)ou . ofo day 2 10 20 (Figure 2), illustrating the important role vegetation and soils play in urban
C cycling. We compare our inventory estimates to a model-based estimate of
Figure 8. Seasonal variability in mean diurnal trends in CO, fluxes from biogenic CO, fluxes using the Urban-VPRM providing an evaluation of the
fossil fuels (FF), biogenic gross ecosystem exchange (GEE), biogenic model in an urban forest patch. In the process we identify key areas for mod-

ecosystem respiration (R,), and the net flux (biogenic + FF) for (a) winter, (b) el improvements, in particular the approach used to model urban R . Using

spring, (c) summer, and (d) fall. FF fluxes are shown in black, GEE is shown
in blue, R, is shown in orange, and net flux is shown as a double red line. The
shaded gray region indicates the hours of 11:00 to 16:00 which represent when

the Urban-VPRM we compare fine temporal estimate of CO, flux dynamics
(daily mean) during the growing season in the grassland and forested areas.

the atmosphere is turbulent and relatively well-mixed. By placing these biogenic fluxes within the context of total regional fluxes

(biogenic and anthropogenic) we demonstrate the seasonal and temporal sig-
nificance of biogenic fluxes in urban C cycling.

4.1. Characterization of Urban Biogenic Carbon Stocks and CO, Fluxes

We find that the urban conditions at the FOREST site have resulted in a productive forest stand and grassland. The
forest stores 189.5 Mg C ha~! with a net biogenic carbon uptake of 2.63 + 1.9 Mg C ha~! yr-! (Table 1; Figure 3).
Similar L. tulipifera/Quercus sp. dominated forests in the region (within 145 km) have AGB that ranges from
170 to 250 Mg C ha~! (Anderson-Teixeria et al., 2015; Duncanson et al., 2015; Stoval et al., 2018). The observed
net productivity of this urban forest persists despite the lack of tree recruitment into canopy gaps (Figure S4b in
Supporting Information S1), elevated rates of R, from both a large pool and flux of CWD, and 16% enhancement
in rates of soil respiration due to forest edge effects (Smith, Hutyra, et al., 2019, Table 1). The CWD flux is twice
as high as those observed in other well-studied rural forests of northeastern United States (Liu et al., 2006). Ad-
ditionally, we find the unmanaged grassland to act as a large C sink during the summer months of June through
August (—4.86 +0.82 Mg C ha™! yr-') that is similar in magnitude as the net flux of CO, observed in the FOREST
site (—4.80 + 0.46 Mg C ha™! yr-'). In the case of the FOREST site, we show that much of this uptake of CO, in
the summer is respired from the soils in the remaining portion of the year. The growing-season uptake is likely
also respired during the remainder of the year in the grasslands, but we do not have direct field data from the
grassland for the full year.

Relatively few studies have explicitly compared carbon fluxes in urban forests versus grasslands (Hill et al., 2021;
Jo & McPherson, 1995; Parazoo et al., 2021). Typically these studies have been done on grasslands that are re-
ceiving higher levels of management (i.e., mowing, fertilizer, and/or irrigation) than observed in this study, as
is common in urban areas. The grassland in our study system does not receive any amendments, and perhaps as
a consequence, we observed lower grassland R, fluxes relative to the FOREST site and relative to other studies
in urban managed grasses (Hill et al., 2021). Conversely, we observed relatively similar fluxes during the grow-
ing season in GEE between the FOREST and grassland (which includes leaf respiration). This trend, however,
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changes at DOY 210 when productivity in the forest declines while it is maintained in the grassland resulting in
more negative NEE flux in the grassland, at the end of the growing season (Figure 4b). More studies are needed
characterizing different vegetation types found in urban/suburban areas (e.g., forest patches vs. street trees vs.
grasses) and across different management decisions.

The management decisions made surrounding invasive species, deer populations, and general landscaping prac-
tices (e.g., pruning, irrigation, fertilization, mulching, litter removal, replanting practices, etc.) in urban areas
have significant impacts on carbon balance of urban areas (Bressette & Beck, 2013; Hundertmark et al., 2021;
Parazoo et al., 2021; Pataki et al., 2011; Templer et al., 2015; Townsend-Small & Czimczik, 2010; Winbourne
et al., 2020). Our study site, similar to other urban areas in northeastern United States, has high deer densities
(30-100 individuals km~2; Rutberg & Naugle, 2008), abundance of invasive plant species (Gaertner et al., 2017),
and fragmented forest patches (Morreale et al., 2021; Reinmann et al., 2020). The high deer densities have im-
posed excessive browsing pressure that limits tree regeneration and facilitates the establishment of unpalatable,
but highly productive invasive plant species such as the M. vimineum (Averill et al., 2017; Morrison, 2017).
The forest floor in our study plot is blanketed with M. vimineum (Figure 1) and we observe zero recruitment of
saplings during the three-year time period examined with low AGB and stem density in small DBH size trees
suggesting this lack of recruitment has been occurring for a longer period than the three-year period examined
(Figure 3; Figure S4 in Supporting Information S1). The proliferation of invasive plants in forests of urban land-
scapes introduces perturbations to forest C balance with few analogs in the minimally disturbed rural systems
typically used to inform estimates of regional C balance.

4.2. Comparison Between Inventory and Modeled Estimates of Biogenic CO, Fluxes

To develop more accurate predictive models of urban biogenic CO, fluxes, our study highlights the need for
model improvements on the R, component of the Urban-VPRM model. Compared to the field estimates, the Ur-
ban-VPRM substantially overestimates R, during the winter months (Piana et al., 2019, Figures 5 and 6). Between
the months of November and April the VPRM estimates that R, is twice as high as our field inventory would
suggest. The VPRM simplistically estimates R, year-round as a piecewise linear function of air temperature with
R, being set to a low, user-defined, constant value during the portion of the year with low air temperatures. Soil
respiration, however, is known to be more heavily influence by soil rather than air temperatures especially dur-
ing the winter months (Grogan & Jonasson, 2006; Morgner et al., 2010). In the Polar-VPRM, R, estimates were
improved by using soil temperature rather than air temperature data (Luus & Lin, 2015). Soil temperature data at
higher spatial resolution could help to capture the effects of forest fragmentation on soil respiration that are not
currently being captured by the Urban-VPRM (Figure S8 in Supporting Information S1) but is observed in in our
inventory estimates (see Smith, Hutyra, et al., 2019). In the case where soil temperature data is not available, an
alternative approach to improve VPRM based R, estimates could include a temporally dynamic parameterization
of R, at a seasonal or monthly timestep rather than current annual approach. Hilton et al. (2013) argues that an ide-
al model parameter estimation scheme would permit parameter values to vary at space and timescales that match
those observed in NEE and illustrates this by finding significant variability in the VPRM parameters for R, among
different months. Additional modifications to the R, equation have been proposed by Gourdji et al. (2021) in re-
cent modification of the VPRM, including a quadratic temperature term, a vegetation index to capture seasonality
in autotrophic respiration, and a water stress scaling factor to capture drought effects on soil moisture conditions.

During the growing season, however, the VPRM closely approximates R, in the FOREST site which is remark-
able given the simplistic nature of the VPRM R, formulation. In the VPRM, R, is based on a linear function of
air temperature with R, that is quantified for the Duke Forest AmeriFlux site (US-Dk2) in North Carolina. The
VPRM is not designed to capture the unique features of urbanization that influence R, except for heterotrophic
respiration being suppressed by the presence of ISA in urban areas while retaining autotrophic respiration from
vegetation overhanging ISA. On the one hand, the close match in VPRM and inventory estimates could suggest
that the unique impacts of urbanization on R, are small compared to temperature driven impacts on R,. For exam-
ple, Smith, Hutyra, et al. (2019) observed that forest fragmentation results in a 16% increase in soil respiration
rates at the forest edge, however, this edge effect was observed to occur to a distance of 12.5 m from a forest edge
which only represents 14% of our FOREST study plot. On the other hand, it is possible that we are obtaining
the reasonable answer from the VPRM (i.e., field inventory estimates) for the wrong reasons. For example, the
VPRM is not intended to capture the large CO, flux from CWD pool that we observe at our field site. The VPRM
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is parameterized based on CWD flux dynamics observed at the Duke Forest AmeriFlux site (US-Dk2) in North
Carolina which has a much smaller CWD pool than is observed at our site. Consequently, the VPRM may be
obtaining the same R, that we observe in our field inventory by underestimating CWD flux and overestimating
autotrophic and other components of the heterotrophic respiration flux. Collectively, this highlights the need for
more CO, flux inventories in urban areas across different land use types to determine the applicability of the
Urban-VPRM for capturing urban R, dynamics.

In contrast, the Urban-VPRM closely approximates estimates of GEE (Figures 5 and 6). This is perhaps not sur-
prising given both approaches have in common a focus on light-use efficiency. In the case of the VPRM this light-
use efficiency model is parameterized with eddy covariance data (Mahadevan et al., 2008) while in the inventory
estimates we used LRC measurements from our field site to scale measurements at the leaf-level to the entire
canopy. While the big-leaf modeling approach is commonly used in land surface models (Sprintsin et al., 2012),
to our knowledge, our study represents the first time this approach has been applied to an urban forest.

The big-leaf modeling and eddy covariance approaches for estimating GEE have known challenges especially
in urban landscapes. The big-leaf model assumptions do not capture the complex structures of canopies (e.g.,
leaf distribution varies by clumping, light environments, leaf angles, and canopy heights) and consequently have
been found to underestimate GEE (Friend, 2001; Luo et al., 2018). Eddy covariance methodologies are often
challenging to use in urban areas with heterogenous land cover, which confounds partitioning fluxes (Grimmond
et al., 2002). The strong coupling between transpiration (or movement of tree sap) and photosynthesis suggests
that the quantification of tree-level sap flux as an alternative method for obtaining temporal and spatially refined
estimates of canopy level carbon assimilation (Schifer et al., 2003). Recent advancements in sap flux sensor
technology (Jones et al., 2020) now allows for the creation of relatively large networks needed to generate robust
estimates of GEE in urban vegetation.

There are small, but notable differences in temporal trends between the GEE VPRM and inventory estimates
(Figures 5 and 6). For example, in the shoulder seasons (spring green-up and fall senescence) the VPRM predicts
earlier green up (higher GEE) and later senescence (lower GEE) than the inventory approach. The mismatch be-
tween the VPRM and inventory estimates of GEE could be in part due to our LAI proxy not representing the true
LALI at our field site. LAI is known to be a dominant control over primary production (Asner et al., 2003; Park-
er, 2020) and important source of error in big-leaf modeling approaches used to scale leaf-level measurements of
photosynthesis (Richardson et al., 2012). Unfortunately, PhenoCam derived measures of greenness do not pro-
vide accurate estimates of LAI and while NDVI or EVI derived LAI estimates are found as relatively good prox-
ies of empirically measured LAI, these approaches are relatively insensitive to changes in LAI at high levels (>2)
observed at our FOREST site that introduce errors in estimates of vegetation productivity (Keenan et al., 2014).

4.3. Comparison Between Modeled Biogenic Fluxes and Anthropogenic Fossil Fuel Emissions

Using the Urban-VPRM, we expanded the spatial scope of our analysis to a 6 km? area around the FOREST site
and evaluated in this area when and where net biogenic CO, fluxes begin to significantly influence the net (i.e.,
biogenic + FF) CO, flux signal. The ACES emissions inventory (Gately & Hutyra, 2017, 2018) provides detailed
sectoral, temporal, and spatial resolution of FF-CO, emissions highlighting that local FF emissions are dominated
by on-road sources (Figure 7a) with diurnal peaks in emissions occurring during traditional commuting hours of
early morning and evening (Figure 8).

Our study adds to a growing body of literature illustrating the importance of including biogenic sources of
CO, when generating estimates of CO, fluxes in urban areas at fine spatial and temporal resolutions (Miles
et al., 2021; Sargent et al., 2018). Similar to the top-down study by Sargent et al. (2018), we observed seasonal
trends in the magnitude of biogenic CO, fluxes when examine the VPRM run for a 6 km? area around our FOR-
EST site. These findings have implications on identifying when and where accurate estimates of biogenic fluxes
are most important for understanding urban C cycling and identifying the extent to which biology can help offset
CO, emissions from FF sources (Figures 7 and 8). For example, in our spatial analysis of biogenic CO, fluxes
in our 6 km? study region (Figure 7b) we observe areas with high ISA being a net source of biogenic CO, (—1
to —5 pmol CO, m™? s™') and areas dominated by vegetation varying in the extent to which they are a net sink
of CO, (0 to —8.4 pmol CO, m~2 s7!). Spatial variability in net CO, uptake by vegetation and soils highlights
the differences in urban vegetation structure and function across the landscape with higher CO, uptake in forest
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patches than in grassland or street tree dominated areas (Figure 7b). While FF emissions dominate the net flux
signal in the study region both at diurnal and annual scales, resulting in the region being a net source of CO,,
we identify key time periods when high rates of CO, uptake by vegetation can nearly match those of FF-CO,
emissions. During the summer afternoons (the hours of 11:00 to 16:00) when air is turbulent and well mixed, we
find net biogenic CO, fluxes to represent 91% of the FF-CO, flux. In contrast, during the winter months when
vegetation is not photosynthesizing and soil respiration rates are low, the net biogenic flux only accounted for
0.08% of the FF-CO, flux (Figure 8). The daytime aliasing of FF-CO, emissions due to biological uptake poses
a substantial challenge in the application of atmospheric inversions for carbon monitoring. Our study highlights
the importance of including seasonal dynamics in biogenic CO, fluxes when planning and testing efficacy of
greenhouse gas emission reduction polices, and identifies the Urban-VPRM as a powerful tool for generating
city-wide and regional scale estimates of biogenic C fluxes.

5. Conclusion

We show that the unique conditions of urban areas resulted in temporal and spatial patterns in sink and source
dynamics of biogenic fluxes of CO, that need to be considered when generating CO, monitoring systems and
considering nature-based climate solutions. We find in our field measurements that urban vegetation can act as
a carbon sink with the forest patch in our study storing 2.62 + 1.9 Mg C ha~! yr-'. We identify urban vegetation
having a strong effect on the signal of the net flux of CO, (biogenic + FF) during summertime afternoons. While
FF emissions drive patterns in net fluxes at the daily and annual timescale throughout the year, during summer
afternoons urban vegetation temporarily takes up roughly the same amount of CO, that is being released by FF
sources. We find that the VPRM based modeling approach closely approximates inventory observations of GEE,
but overestimates R, in the winter months highlighting key areas for model improvement to generate more accu-
rate estimates of urban NEE. The observed model performance relative to the inventory estimates coupled with
the relative ease of use of the Urban-VPRM (e.g., low number of site-specific parameters and relatively widely
available remote sensing and meteorological input data) suggests the Urban-VPRM could be a valuable tool for
policymakers, NGOs, and researchers that are planning, measuring, and reporting CO, fluxes in urban areas.
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