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ABSTRACT

Estimating Urban Gross Primary Productivity at High Spatial Resolution

by

David Lauchlin Miller

Gross primary productivity (GPP) is an important metric of ecosystem function and is the
primary way carbon is transferred from the atmosphere to the land surface. Remote sensing
techniques are commonly used to estimate regional and global GPP for carbon budgets.
However, urban areas are typically excluded from such estimates due to a lack of parameters
specific to urban vegetation and the modeling challenges that arise in mapping GPP across
heterogeneous urban land cover. In this study, we estimated typical midsummer GPP within
and among vegetation and land use types in the Minneapolis-Saint Paul, Minnesota
metropolitan region by deriving light use efficiency parameters specific to urban vegetation
types using in situ flux observations and WorldView-2 high spatial resolution satellite
imagery. We produced a land cover classification using the satellite imagery, canopy height
data from airborne lidar, and leaf-off color-infrared aerial orthophotos, and used regional
GIS layers to mask certain land cover/land use types. The classification for built-up and
vegetated urban land cover classes distinguished deciduous trees, evergreen trees, turf grass,
and golf grass from impervious and soil surfaces, with an overall classification accuracy of
80% (kappa = 0.73). The full study area had 52.1% vegetation cover. The light use

efficiency for each vegetation class, with the exception of golf grass, tended to be low



compared to natural vegetation light use efficiencies in the literature. The mapped GPP
estimates were within 11% of estimates from independent tall tower eddy covariance
measurements. The order of the mapped vegetation classes for the full study area in terms of
mean GPP from lowest to highest was: deciduous trees (2.52 gC m™ d™), evergreen trees
(5.81 gC m™d™), turf grass (6.05 gC m™ d), and golf grass (11.77 gC m™ d™"). Turf grass
GPP had a larger coefficient of variation (0.18) than the other vegetation classes (~0.10).
Mean land use GPP for the full study area varied as a function of percent vegetation cover.
Urban GPP in general, both including and excluding non-vegetated areas, tended to be low
relative to natural forests and grasslands. Our results demonstrate that, at the scale of
neighborhoods and city blocks within heterogeneous urban landscapes, high spatial
resolution GPP estimates are valuable to develop comparisons such as within and among

vegetation cover classes and land use types.
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1. Introduction

Gross primary productivity (GPP) is the sum of photosynthesis at the ecosystem
scale (Chapin et al., 2002). It is the primary way carbon is transferred from the atmosphere
to the land surface, describing the initial inputs of carbon to ecosystems, and is an important
metric of ecosystem function (Heinsch et al., 2006). Models of GPP from satellite remote
sensing have proven to be useful for monitoring carbon uptake at regional-to-global scales,
providing improved constraints on temporal and spatial patterns across many biomes (e.g.,
Running et al., 2004). However, urban areas are often not included in such large-scale
models due to the small percentage of the global land area covered by cities relative to the
major natural biomes.

There is a distinct need for mapping GPP within urban areas because it is relatively
unknown how GPP varies among vegetation and land use types in these regions. More than
half of the global population lives in urban areas, and this proportion is expected to grow
through the 21* century (Grimm et al., 2008). Urbanization increases impervious surface
cover, which results in stronger urban heat islands (Imhoff et al., 2010) and intensified
runoff (Burian and Pomeroy, 2010), and it also replaces native vegetation, negatively
affecting terrestrial carbon storage (Seto et al., 2012). Once established, urban vegetation
can provide many ecosystem services including local cooling (Oke, 1989) and absorption of
airborne pollutants (Nowak et al., 2006). Urban vegetation has direct effects on urban
carbon budgets through CO, uptake and storage and also indirect effects by reducing energy
use due to shading and windbreaks, as well as potentially increased fossil fuel consumption
for maintenance (Pataki et al., 2006). Field surveys are often done to provide estimates of

carbon cycling of urban vegetated surfaces, but such surveys are time-consuming and
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require robust spatial sampling to accurately scale to the entire urban extent (e.g., Nowak &
Crane, 2002; Nowak et al., 2008).

Remote sensing of GPP in urban areas is more repeatable and spatially explicit while
being less work-intensive than field surveys. The goal of many urban remote sensing studies
of GPP and net primary productivity (NPP = GPP — plant respiration) is to quantify the
change in primary production as a result of urban development (e.g. Imhoff et al., 2000;
Imhoff et al., 2004; Xu et al., 2007; Buyantuyev and Wu, 2009; Lu et al., 2010; Pei et al.,
2013). In general, urban development reduces primary production in densely vegetated
regions (Imhoff et al., 2004), but can increase primary production in some areas previously
covered by agriculture (Zhao et al., 2007) or deserts (Buyantuyev and Wu, 2009).

One of the most established methods to calculate GPP from remote sensing is the
light use efficiency (LUE) approach, and it was first proposed by Monteith in 1972 (Verma
etal., 2015; Ma et al., 2014). The LUE technique is based on the assumption that vegetation
converts absorbed photosynthetically active radiation (PAR) at a certain rate, or LUE. As

such, GPP can be calculated as:

GPP = FPAR * PAR * LUE

where GPP is the mass of carbon taken up in the pixel area over a period of time (e.g.,

gC m™ d"), PAR is the incident photosynthetically active radiation received in the pixel area
over a period of time (e.g., MJ m™ d'), FPAR is the unitless fraction of PAR absorbed by
the vegetated surface within the pixel, and LUE is the conversion rate from absorbed PAR to

carbon uptake (e.g., gC MJ™") (Heinsch et al., 2003). Versions of this method have been used



in many models to estimate large-scale dynamics of GPP, such as GLO-PEM (Prince &
Goward, 1995), CASA (Potter et al., 1993), VPM (Xiao et al., 2004), and MODIS GPP
(MOD17) (Running et al., 2004), and there have been many comparisons between the
models and flux measurements (e.g. Running et al., 1999; Turner et al., 2003a; Yuan et al.,
2007; Xiao et al., 2010; Ogutu and Dash, 2013; Verma et al., 2015). FPAR is often
estimated through spectral vegetation indices (e.g. Myneni and Williams, 1994; Mahadevan
et al., 2008) and radiative transfer modeling (e.g. Knyazikhin et al., 1999; Myneni et al.,
2002) (Song et al., 2013; D’Odorico et al., 2014). LUE varies by species and the
environmental conditions affecting an individual plant (Ahl et al., 2004; Schwalm et al.,
2006), but has been successfully modeled by plant functional type at a variety of scales
(Goetz & Prince, 1999; Turner et al., 2005; Verma et al., 2014).

GPP estimates from remote sensing are typically validated using field survey or flux
tower data and typically in using the LUE approach each image pixel is labeled as a unique
vegetation class to scale to the ecosystem level due to differences in physiological and
functional characteristics (Chapin, 1993; Ruimy et al., 1994; Heinsch et al., 2006; Reich et
al., 2012). This is a challenge in urban areas for the remote sensing systems typically used to
estimate GPP at regional and global scales (e.g. Landsat TM and MODIS) because their
spatial resolutions are too coarse to readily distinguish small patches of vegetation, such as
street trees, from surrounding urban structures, such as roads and buildings (Raciti et al.,
2014). Mixed pixels contain multiple surfaces that reflect incident radiation at different
magnitudes and directions. This modifies the FPAR value of the pixel and makes it difficult
to estimate and ascribe LUE values uniquely to each vegetation type within a pixel. The

MODIS GPP product (MOD17), for example, applies LUE parameters by classifying the



vegetated land surface into a few dominant biome classes, but does not include a LUE
parameter for urban areas (Running and Zhao, 2015).

Urban areas have highly variable surface cover over relatively short distances
(Cadenesso et al., 2007; Woodcock and Strahler, 1987), thus distinguishing among
vegetation types and other surfaces is often approached using imagery with either high
spectral resolution or high spatial resolution. Hyperspectral imagery (high spectral
resolution) and techniques such as spectral mixture analysis (e.g. MESMA, Roberts et al.,
1998) can reliably map many urban materials (Herold et al., 2003), contributions of within-
pixel reflectance of different surface types (Wetherley et al., 2017), and tree species when
combined with lidar (Alonzo et al., 2014). However, imagery with high spatial resolution is
much more commonly available and is generally more amenable to mutually exclusive
classification of surface features when subtle spectral differences are of less importance,
either with pixel- or object-based techniques (e.g. Myeong et al., 2001; Myint et al., 2011;
Nouri et al., 2014). A significant issue is that it can be difficult to separate trees from grasses
due to their spectral similarity using only multispectral, high resolution imagery (Myeong et
al., 2001; Walton et al., 2008), but lidar data can be used as an additional input in order to
distinguish vegetation types by height (e.g. Raciti et al., 2014). Such data is often of limited
availability, and has not yet been applied to urban primary production studies.

In urban GPP studies, the issue of small-scale surface heterogeneity tends to be
approached by assigning estimates of fractional cover to each pixel (e.g. Zhao et al., 2007;
Zhao et al., 2012), by considering urban areas as a single vegetation type (such as savanna)
in which condition varies as a function of a vegetation index (e.g. Milesi et al., 2003), or by

using relatively high spatial resolution imagery to better separate vegetated and non-



vegetated surfaces (As-syakur et al., 2010; Wu and Bauer, 2012). More recent work has
been done to estimate urban biogenic fluxes as they vary with impervious surface cover,
urban heat island, and plant phenology (Hardiman et al., 2017). However, most studies use
LUE values from natural ecosystems for urban vegetation (e.g. Zhao et al., 2007) because
there have been few field measurements of LUE in cities (e.g. Wu and Bauer, 2012). Due to
data availability and scale, variability of urban primary production by land cover type is
often analyzed using large pixels (e.g. Imhoff et al., 2000; Zhao et al., 2007), and it is still
unclear how different vegetation and land use types individually affect GPP within
urbanized areas at a scale in which lawns, trees, and roads can be identified. In general, the
importance of unique parameterization of urban vegetation cover types in order to accurately
characterize urban GPP is still relatively unknown.

Here, we used high resolution surface reflectance data from WorldView-2 (WV-2)
satellite imagery to estimate GPP across the Minneapolis-Saint Paul, Minnesota
metropolitan area. We produced a land cover classification using the WV-2 imagery, canopy
height data from airborne lidar, and leaf-off color-infrared aerial orthophotos, and used
regional GIS layers to mask specific land cover/land use types. We calculated empirical
LUE estimates for deciduous trees, evergreen trees, turf grass, and golf grass from WV-2
reflectance by using in situ observations of GPP from eddy covariance and tree sap flow.
We compared our mapped GPP estimates using eddy covariance observations at 40 m height
from a tall tower (KUOM) near our in situ training sites, and we assessed the variability of
GPP by vegetation and land use type across the study area. These results help contextualize
urban GPP in relation to larger-scale satellite remote sensing estimates and natural

ecosystems.



Our main research questions were the following:

1. What is the magnitude and variability of GPP within dominant urban vegetation
types, specifically deciduous trees, evergreen trees, turf grass, and golf grass?

2. What is the magnitude and variability of GPP within major urban land use types? Is
land use GPP more determined by percent vegetation cover or by GPP variability
within vegetation types?

3. How does urban vegetation GPP compare to natural vegetation, and what are likely

urban vegetation NPP estimates based on our data and local knowledge?

II. Methods

A. Study Area

Our study site was a large area (894 km?) of the Minneapolis-Saint Paul, Minnesota
(~44° 59’ N, 93° 11’ W) metropolitan region. The region has a humid, temperate
continental climate with warm summers and very cold winters, and receives precipitation
year-round. As described in Peters et al. (2011), the region has a mean annual temperature of
7.4° C and mean annual precipitation of 747 mm. It has two densely developed urban cores
approximately 14 km apart surrounded by extensive suburban residential development, and
much of the study area is likely to be influenced by the urban heat island effect (Winkler et
al., 1981, Todhunter, 1996; Sen Roy & Yuan, 2009). The Twin Cities region has been
undergoing urban growth and expansion, and is expected to grow by over 800 000 people

between 2010 and 2040 (Metropolitan Council, 2016; Yuan et al., 2005).



We selected this region due to the availability of in situ observations of GPP from
sap flux, leaf-level gas exchange, and eddy covariance for dominant urban vegetation types
in the region: deciduous trees, evergreen trees, and turf grass. All deciduous trees were
broadleaf, and all evergreen trees were needleleaf. Common deciduous trees included ash
(Fraxinus sp.), elm (Ulmus sp.), red oak (Quercus rubra), eastern black walnut (Juglans
nigra), and American basswood (7ilia Americana), common evergreen trees included spruce
(Picea sp.) and pine (Pinus sp.) (Peters and McFadden, 2012), and common turf grass
species included Kentucky bluegrass (Poa pratensis L.), tall fescue (Festuca arundinacea
Schreb.), and perennial ryegrass (Lolium perenne L.) (Hiller et al., 2011). The eddy
covariance measurements were made at 40 m height on a tall radio tower (KUOM) near the
in situ observations of trees and turf grass in order to compare with our mapped GPP

estimates (Peters and McFadden, 2012; Menzer et al., 2015).

B. Land Cover Classification and Validation

We used a digital surface model (DSM) as a basemap for orthorectification and
image alignment, and a canopy height model (CHM) to estimate tree height, both at I m
spatial resolution and derived from lidar data. Fugro Horizons, Inc. and the Minnesota
Department of Natural Resources (MN DNR) collected the multi-return lidar point cloud
data during 2011 and 2012 at various point densities (Fugro Horizons, Inc. and the
Minnesota Department of Natural Resources, 2015). A Leica sensor ALS50-I1 MPiA
acquired at a point density of 1.5 points m>, and a FLI-MAP sensor acquired at point

densities of 2 and 8 points m™ in different regions. Gridded rasters of the lidar data were



created with custom Python scripts that used components of LAStools (rapidlasso GmbH —
Gilching, Germany) (Potapenko, 2014).

We used imagery from WV-2 as the basis for our GPP analysis. WV-2 provided 2 m
spatial resolution in eight multispectral bands in the visible and NIR (Digital Globe, 2013)
on the dates of July 17, 2010 and July 28, 2010. We converted the raw WV-2 digital
numbers to radiance, and orthorectified them using 16 ground control points (GCPs)
referenced to the DSM and rational polynomial coefficient files provided by Digital Globe.
We atmospherically corrected the orthorectified WV-2 images with the Fast Line-of-sight
Atmospheric Analysis of Hypercubes (FLAASH) add-on in ENVI Classic (Adler-Golden et
al., 1998). We mosaicked the surface reflectance images into a single image and assessed its
spatial alignment with the DSM. Prior to resampling, most of the mosaic had <4 m shift
compared to the DSM. Then, we resampled the WV-2 mosaic to 1 m and aligned it with the
DSM base map using a nearest neighbor approach and a first degree polynomial fit with 113
GCPs. The resulting average RMSE (100 targets) with the DSM base map was 1.69 m, with
a standard deviation of 0.79 m, less than the original 2 m resolution of the WV-2 imagery.
The warped WV-2 images were then clipped to form a final mosaic (NAD83, UTM Zone
I5N).

To initially distinguish vegetated and non-vegetated pixels, we used a maximum
likelihood classifier, using all of the WV-2 bands and the Normalized Difference Vegetation
Index (NDVI) (Tucker, 1979). We calculated NDVI using the NIR1 and red bands of WV-2.
We chose the NIR1 band rather than NIR2 because the former had more similar spectral
coverage to the NIR bands in Landsat Thematic Mapper and MODIS. The maximum

likelihood classifier is a supervised classification method that assumes a normal distribution



for each of the input spectral bands, and selects the best class for a given pixel based on
probability (Jia and Richards, 1994). We did not limit the probability threshold, and
classified all pixels. We captured the training data using regions of interest (ROIs) with a
total of approximately 84 000 pixels at 1 m spatial resolution chosen for each class, selecting
a new polygon in each cell of a 5 km grid overlaid on the image. Non-vegetated pixels
included roads, buildings, bare soil, and other built surfaces. Vegetation included all trees,
grasses, shrubs, and other plants. Water was masked, and we labeled lakes and rivers using a
modified version of an open water bodies GIS layer from the Metropolitan Council (2013).
We chose not to spectrally classify water bodies to avoid confusion with building and tree
shadows, and also to prevent mislabeling of algae-covered water bodies as land vegetation.

The initial WV-2 NDVI had a small offset between the two images, and we corrected
this by selecting ROIs of both vegetated and non-vegetated surfaces in the overlapping
region of the images. We used the average NDVI value of a given ROI to reduce the
possible effects of pixel shifts. For each ROI, we regressed the NDVI value for the July 17,
2010 image to the July 28, 2010 image because July 28 had fewer clouds than July 17 and
our in situ sites were located within the July 28 image. The NDVI values for the July 17 area
of the image mosaic were adjusted using this regression (NDVIjuy 28 = 1.0246 * NDVIyy 17
+0.0040, R* = 0.9869, p < 0.001). After adjustment, there was no longer an apparent
difference in NDVI between the two halves of the mosaic.

To separate the vegetation into trees and turf grass classes, we used a 1 m height
threshold based on the CHM, following Raciti et al. (2014). Vegetation pixels greater than 1
m in height were classified as trees, and the remainder as turf grass. We found the CHM

contained gaps of missing pixels within our tree canopy, but we were able to remove these



canopy gaps and better express tree cover using a 3x3 mean filter after classifying with the
CHM. We also relabeled as turf grass some areas of power and transmission lines that had
been misclassified as trees.

To distinguish golf grass and turf grass, we used the original version of the
Generalized Land Use 2010 GIS layer (Metropolitan Council, 2011). We labeled any turf
grass pixel within the golf course land use extent to be golf grass, with all remaining grass as
turf grass. We separated these classes because golf grass had a much higher level of
maintenance than ordinary turf grass, and thus required a different parameterization for the
GPP calculation.

To separate deciduous and evergreen trees, we relied on color infrared digital
orthophotos acquired during leaf-off conditions. The Minnesota Department of Natural
Resources (MN DNR) and Surdex Corporation acquired the imagery during April 2010 at
0.3 m resolution (Minnesota Department of Natural Resources and Surdex Corporation,
2015). We resampled the imagery to 1 m resolution and aligned it to our DSM (mean RMSE
=2.028 m). We selected separate ROIs for deciduous and evergreen trees from the existing
tree class using the WV-2 imagery, the aligned leaf-off orthophoto, and Google Earth, and
we extracted the WV-2 NDVI and the leaf-off NDVI for these locations. We assessed the
separability of the classes based on the leaf-off NDVI alone and an NDVI ratio: leaf-off
NDVI/ WV-2 NDVI. We found a threshold of 0.4638 of the NDVI ratio was more reliable
than the leaf-off NDVI alone. After applying the threshold, we used a 5x5 median filter
within the tree classes to remove misclassified pixels.

To label wetlands, we used a wetlands and wet areas GIS layer from the

Metropolitan Mosquito Control District (2012). We did not want to include wetlands in our
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GPP calculation because they have very different physiological characteristics from grass
(Chapin et al., 2002), and we did not have in situ observations of wetland GPP available.
This layer included many types of wetlands, and we did not include well-drained grasses and
woodlands (type 1) in the wetland class. We added and modified some of the wetlands
layer’s polygons based on our WV-2 imagery, and we replaced turf grass and impervious
and soil pixels within the modified wetland layer’s boundaries.

To label agriculture, we used a modified version of the Generalized Land Use 2010
GIS layer from the Metropolitan Council (2011), and the agriculture class replaced any class
that was previously present in its location. We manually adjusted the boundaries of the
agriculture class using the WV-2 imagery as a reference in a few areas of the study area
where this class overlapped roads or trees.

Lastly, we identified and masked clouds and cloud shadows by manually creating
polygons using the NDVI and a red-rededge-green RGB display from WV-2.

We assessed the accuracy of our land cover classification for the built-up and urban
vegetation classes, namely deciduous trees, evergreen trees, grass (turf + golf), and
impervious and soil. For classification accuracy assessment turf and golf grass were treated
as a single class, called grass (= turf grass + golf grass). We randomly sampled 100 initial
pixel targets for each of the four land cover classes, and we assessed each of the targets
using the WV-2 imagery, a 1 ft (0.3 m) spatial resolution RGB USGS orthophoto acquired
in early spring 2012, and Google Earth. We excluded targets that were difficult to label,

resulting in 275 evaluated targets.
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C. NDVI and FPAR

We calculated FPAR based on the adjusted WV-2 NDVI using the relationship from

Sims et al. (2006a):
FPAR =1.24 * NDVI - 0.168.

This relationship was based on ground measurements of various plant functional
types, and has been used in previous studies based on MODIS NDVI (e.g. Wu et al., 2012;
Zhang et al., 2016). It is similar to many other NDVI-FPAR linear relationships that exist in
the literature (Ruimy et al., 1994; Song et al., 2013).

To use this relationship appropriately, we needed to convert the adjusted WV-2
NDVI to a MODIS-like NDVI, which could then be used to estimate FPAR. For example
Zhao et al. (2007) used AVHRR NDVI, which was multiplied by 1.45 (Huete et al., 2002)
before it could be used with the MODIS backup NDVI-FPAR look up table (Knyazikhin et
al., 1999). We did not find such a relationship for WV-2 and MODIS NDVTI in the literature,
thus we developed our own empirical relationship. To do so, we needed to compare how
WV-2 and MODIS NDVI would appear under identical acquisition conditions. We used an
Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) image from July 29, 2009 of
Rosemount, Minnesota. We atmospherically corrected the AVIRIS radiance image with
ACORN 6.080101 mode 1.5 to create land surface reflectance image using a summer
atmospheric model, derived water vapor at 940 nm, and 50 km image atmosphere visibility
(ImSpec LLC — Palmdale, CA, USA). AVIRIS has 224 bands at 10 nm spacing across the
visible and shortwave near infrared (Green et al., 1998), and we used the spectral response
functions of WV-2 and MODIS in ENVI 5.1 to resample the AVIRIS reflectance image to

the band passes of these sensors to develop approximate WV-2 and MODIS reflectance
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images. We produced an NDVI image for each of these sensor types based on the AVIRIS
image.

We used every available pixel in the AVIRIS image extent to produce linear
regressions between the resampled WV-2 and MODIS NDVIs. We found there were several
linear relationships present between the resampled MODIS NDVI and the resampled WV-2
NDVI due to differences in the spectral placement of the red and NIR bands in the sensors,
and these varying linear relationships were attributable to land cover types within the extent
of the AVIRIS image. Specifically, we found that the surfaces below the line of NDVIviopis
=1.01 * NDVIwv.; - 0.025 were almost always water surfaces, while those above the line
were impervious surfaces, soils, and vegetation. We masked all pixels below this line, and
then developed a regression from the remaining pixels: NDVIyiopis = 0.9842 * NDVIywv., +
0.01039; R* = 0.9994. We used this regression to convert our adjusted WV-2 NDVI to our
best approximation of a MODIS NDVI, which was then used in the equation from Sims et

al. (2006a) to produce an image of FPAR for the study area.

D. In Situ CO, Flux Data and Light Use Efficiency Estimation

We used in situ observations of GPP and PAR to derive an empirical light use
efficiency (LUE) estimate for each vegetation type. Tree GPP was based on sap flow and
leaf-level gas exchange, and turf grass GPP was based on eddy covariance, both at half
hourly intervals. The in situ observations were in a first-ring suburban neighborhood in the
center of our study area (Peters and McFadden, 2012).

Sap flow and leaf-level gas exchange measurements are described in Peters et al.

(2010) and Peters and McFadden (2012), and were collected during 2007 and 2008 on trees
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in park-like conditions. Maintenance was considered to be low at all tree sites, with no
irrigation, no fertilizer, and regular mowing. Peters and McFadden (2012) calculated whole
tree transpiration using sap flow techniques, and canopy-level meteorological measurements
were used to estimate canopy conductance. Measurements of photosynthesis and stomatal
conductance from leaf-level gas exchange measurements were used to estimate canopy
photosynthesis (i.e. GPP) from canopy conductance across the growing season. We
produced separate GPP estimates for deciduous and evergreen trees by aggregating the sap
flux measurements by vegetation type.

Turf grass eddy covariance measurements are described in Hiller et al. (2011), and
were acquired during 2005-2009 at a first-ring suburban 1.5 ha cool-season turf grass field
site representative of low-maintenance lawns, with regular mowing, no clipping removal, no
irrigation, and only one application of fertilizer per year (Peters and McFadden, 2012).
Instrumentation included a CR5000 data-logger, a CSAT3 sonic anemometer (both
Campbell Scientific, Inc., Logan, Utah, USA), and an open-path infrared gas analyzer
(IRGA) (LI-7500, LI-COR, Inc., Lincoln, Nebraska, USA) (Hiller et al., 2011).
Measurements were taken using a portable mast tower at 1.35 m height and included CO,,
water vapor, energy fluxes (downwelling and upwelling), and momentum exchange. We
calculated PAR for both trees and turf grass using the shortwave radiometer measuring
downwelling radiation at the turf grass site multiplied by 0.45 (Heinsch et al., 2003). CO,
flux data were processed using a version of the eth-flux program, and turf grass vegetation
fluxes were separated from traffic fluxes using a multiple regression model to obtain

estimates of turf grass GPP (Hiller et al., 2011).
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We did not have in situ measurements for golf grass, but Peters and McFadden
(2012) modeled GPP for irrigated grass based measurements at the turf grass site during the
spring and fall using light-response curves and ecosystem respiration models. These models
were then applied to midsummer soil temperature and soil radiation data to estimate
irrigated grass GPP during midsummer. We used this modeled estimate for irrigated grass to
approximate golf grass GPP. The authors noted that this modeled estimate did not account
for fertilization or other benefits of increased maintenance that golf grass would experience,
thus it likely represents a conservative value of golf grass GPP.

We summed mean diurnal cycles to estimate typical daily PAR and GPP for our in
situ sites in order to characterize typical daily vegetation function for this time of year.
Using GPP and PAR estimates at half hourly intervals, we tested 2-week (day of year
(DOY) 203-216), 3-week (DOY 199-219), and 4-week (DOY 196-223) intervals centered
on July 28 (DOY 209), using only measured (i.e., not gap-filled) data from the turf grass
eddy covariance site. We restricted the mean diurnal cycles to be during daylight (PAR >
0.45 W m™), and we removed erroneous GPP and PAR values due to rainy or cloudy
conditions and/or instrument error. Due to hotter and drier conditions in 2007, we chose to
use data from only 2008 for trees, and only 2006 and 2008 for turf grass. The years 2006
and 2008 were more representative of typical climate conditions during midsummer in the
region. We averaged the remaining data points at each half hour, and then summed them to
produce a typical, single day estimate of GPP (gC m™ d™') and incident PAR (MJ m™ d’") for
the 2, 3, and 4-week intervals. After assessment, we selected the 4-week window for our
analysis. The resulting GPP and PAR daily sums were composites to best characterize

vegetation function during midsummer.
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We extracted polygons in our FPAR image at the in situ observation sites in order to
estimate a typical FPAR with which to calculate empirical LUE values. We selected a total
of 2899 pixels for deciduous trees and 490 pixels for evergreen trees from all sap flow sites,
and we selected a rectangular polygon of 4410 pixels containing the turf grass eddy
covariance tower. We were conservative in selecting these polygons, avoiding class
boundaries and confirming the cover type with our WV-2 imagery and Google Earth prior to
selection. We then calculated the mean FPAR for each vegetation type from the site
polygons. Since we did not have a specific site for the golf course FPAR, we used the mean
of all golf grass FPAR in the WV-2 imagery extent.

We calculated the empirical LUE for each vegetated surface type using the FPAR
estimates from the site polygons, the 4-week reference PAR values for each vegetated
surface, and the 4-week reference GPP values. Empirical LUE was calculated as:

LUE = GPP / (FPAR * PAR)

E. GPP Estimation and Validation

The eddy covariance measurements were made at 40 m height on a tall radio tower
(KUOM) that was located within 1 km of both the turf grass and tree sites (Peters and
McFadden, 2012; Menzer et al., 2015). We used these data to estimate typical PAR for our
GPP map, and to independently compare tower-based GPP to our composite GPP map. For
data processing and filtering information, we refer to Peters and McFadden (2012) and
Menzer et al. (2015). The tall tower data that we used were summarized at half hourly
intervals, and were of high quality based on the following rules: (1) each measurement was
from the northwest wind sector (270 degrees < azimuth < 360 degrees); (2) a flux

measurement was observed, meaning that none of the data was gap-filled; and (3) we only
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used flux observations that had a cumulative source area of greater than 99% within the
study area used in Menzer et al. (2015). These restrictions were necessary in order to
guarantee the best observations from the tall tower for comparison with our typical
composite GPP estimates.

Similar to the tree and turf grass sites, we summed the mean diurnal cycles of the tall
tower GPP and PAR data from observations at half hour intervals. We used data during
daylight (PAR > 0.45) from 2008, and tested the same weekly intervals as the other in situ
data. We had insufficient data points to generate a complete mean diurnal cycle at the 2-
week interval for the tall tower, but the 3 and 4-week interval had similar estimates for GPP
and PAR. We used the 4-week estimates in order to match the mean diurnal cycles from the
tree and turf grass in situ data.

We generated our composite map of GPP by multiplying the FPAR map values by
the 4-week PAR from the 40 m tower (12.09 MJ m™ d™") and the LUE estimates for each
vegetation type.

GPP =FPAR * PAR * LUE

The resulting map represented a composite of typical clear-sky, midsummer
conditions, and varied spatially based on the FPAR derived from WV-2 NDVI and the
vegetation types from the land cover classification.

We used flux footprint polygons for the tall tower site to compare with our GPP
map, and each polygon represented the modeled ground area from which 80% of a given
flux measurement originated (Kljun et al., 2004; Velasco and Roth, 2010). We merged the
polygons from each of the observations that were selected in generating the 4-week mean

diurnal cycle to create a single polygon that represented the ground projected area of the tall
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tower flux observations. We extracted the GPP estimates of all vegetated pixels within this
polygon, and used the mean value to compare with the tall tower’s summed mean diurnal
cycle.

We quantified variation in urban GPP by analyzing how GPP varied among and
within dominant vegetation types and land use types. Vegetation types that we compared
included deciduous trees, evergreen trees, turf grass, and golf grass. Land use types were
derived from the Generalized Land Use 2010 GIS layer and included: airport; golf course;
industrial; institutional; major highway; mixed use; office; park, recreational, or preserve;

residential; retail; and undeveloped.

II1. Results

A. Vegetation Classification

Our land cover classification (Figure 1) had an overall accuracy of 80% (kappa =
0.73) for built-up and vegetated urban land cover classes, which included the impervious
and soil, deciduous tree, evergreen tree, and grass (turf + golf) classes (Table 1). We did not
consider the other land cover classes (water, wetland, agriculture, and clouds) in our
accuracy assessment because those classes were mapped primarily from existing GIS data

sources rather than our imagery or they were not the focus of our urban GPP analysis.
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Land Cover Class
Deciduous Tree
Evergreen Tree
Turf Grass

Golf Grass
Impervious and Soil
Water

Wetland
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Cloud

Minnesota
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Figure 1: Land cover classification for the full study extent (32 km x 28 km) (left), with the KUOM flux tower
location indicated by a red circle, the Minneapolis and Saint Paul boundaries by the white lines, and the
Ramsey County boundary by the yellow lines. Subset (lower right) location indicated by gray box. Location of
study area in Minnesota indicated by red box in state outline (right).

Table 1: Accuracy assessment table for built-up and vegetated urban land cover classes. Overall accuracy was
80% (kappa = 0.73). Golf and turf grass were considered as one class for accuracy assessment because they
were distinguished from one another using a GIS layer rather than the raster image classification.

Reference

Deciduous Tree Evergreen Tree  Grass (Turf + Golf)  Impervious and Soil Total User's Acc.
- Deciduous Tree 54 3 2 0 59 0.92
-2 Evergreen Tree 33 33 3 1 70 0.47
é Grass (Turf + Golf) 8 0 51 3 62 0.82
'z Impervious and Soil 0 0 2 82 84 0.98
& Total 95 36 58 86 275

Producer's Acc. 0.57 0.92 0.88 0.95
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We obtained high producer’s accuracies for the impervious and soil (0.95), evergreen
tree (0.92), and grass (turf + golf) (0.88) classes, and high user’s accuracies for the
impervious and soil (0.98), deciduous tree (0.92), and grass (turf + golf) (0.82) classes. Most
misclassification was between the deciduous and evergreen tree classes. Nearly all real
evergreen trees were correctly classified (producer’s accuracy = 0.92), but on the map itself,
many trees that were classified as evergreen were actually deciduous (user’s accuracy =
0.47). Given the leaf off data we had available, we believed it was more important to
accurately map every real evergreen tree, resulting in a high producer’s accuracy for
evergreen trees, due to the very small area of evergreen trees in the image. A consequence
was that we misclassified a small amount of the dominant deciduous tree class as evergreen
trees.

We also had misclassification between deciduous trees and grass (turf + golf). In our
accuracy assessment process, eight targets were classified as turf grass, but were actually
deciduous trees. Most of these targets were either at the edge of a tree canopy, in canopy
gaps, or consisted of shrubs. This is likely a result of the low pass filter we used to reduce
pits and gaps in the tree canopy that originated from using the lidar canopy height raster to
distinguish between trees and grasses.

Grouping the vegetation classes together, we had an overall accuracy of 98% (kappa
=0.95) in classifying vegetated versus impervious and soil. Grouping the tree classes and
not including the impervious and soil, our classification was able to distinguish both the tree
classes from the grass (turf + golf) with an accuracy of 93% (kappa = 0.84). Not including
the impervious and soil and evaluating the vegetation classes alone, we obtained an overall

accuracy of 74% (kappa = 0.61) in distinguishing between vegetation classes. Evaluating the
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tree classes alone and not including the grass (turf + soil) and impervious and soil classes,
deciduous trees had user’s and producer’s accuracies of 95% and 62%, respectively, and
evergreen trees had user’s and producer’s accuracies of 50% and 92%, respectively.

The plan area fractional cover of vegetation and other land cover types are given in
Table 2. The vegetation cover of the full study extent was 52.1% including all land cover
classes: deciduous tree cover was 25.5%, evergreen tree cover was 2.5%, turf grass cover
was 22.9%, and golf grass cover was 1.2%. These are similar to the percent cover estimates
for the cities of Minneapolis and Saint Paul, as well as Ramsey County. However, the
percentage of impervious and soil surface cover was greater in the cities of Minneapolis and

Saint Paul than the background values for the entire study area and Ramsey County.

Table 2: Percent cover of the different land cover types within the full study extent and the administrative
boundaries of Minneapolis, Saint Paul, and Ramsey County.

Full Study Extent Minneapolis  Saint Paul Ramsey County

Deciduous Tree 25.5 23.7 26.2 26.4
Evergreen Tree 2.5 1.4 23 3.1
Turf Grass 22.9 20.2 19.3 21.8
Golf Grass 1.2 0.9 1.2 1.1
Impervious and Soil 35.5 47.5 42.7 31.8
Water 7.2 6.0 6.6 9.5
Wetland 3.8 0.3 1.7 5.2
Agriculture 0.6 0.0 0.0 0.5
Cloud 0.7 0.0 0.0 0.7
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B. FPAR Retrieval

The distribution of FPAR by vegetation type is shown in Figure 2. Deciduous trees,
evergreen trees, and golf grass had similarly high FPAR values, while the turf grass had a
relatively broader distribution with a lower mean value. The mean FPAR values were 0.87,
0.86, 0.76, and 0.86 for deciduous trees, evergreen trees, turf grass, and golf grass,
respectively. The median values were greater than the means, with values of 0.90, 0.87,
0.78, and 0.88 for deciduous trees, evergreen trees, turf grass, and golf grass, respectively.
All of the distributions were left skewed, with skewness values of -1.84 for deciduous trees,
-1.12 for evergreen trees, -0.71 for turf grass, and -2.07 for golf grass. Turf grass had a
greater coefficient of variation (CV) than the other vegetation classes, which were otherwise
similar. The CV was 0.10 for deciduous trees, 0.09 for evergreen trees, 0.18 for turf grass,
and 0.10 for golf grass.

We selected FPAR values to train the GPP model based on manually delineated
regions of interest from the map at the in situ measurement sites, with the exception of the
golf grass class. We chose these regions of interest to represent typical FPAR conditions for
each of the parameterized vegetation classes in order to pair these data with in situ GPP
measurements. We did not have in situ observations of the golf grass GPP, and so we
estimated typical golf grass FPAR by using the mean value of all golf grass pixels. Using
these polygons and the golf grass mean, the deciduous tree class had the highest FPAR
(0.88), and golf grass (0.86) and evergreen trees (0.83) also had high values, while turf grass
(0.74) had the lowest. Not including the golf grass, these observed values were all less than
the mean FPAR value for each vegetation class, but were less than one-half of the standard

deviation from the mean.
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Figure 2: Box plots of FPAR by vegetation type for the full study extent (10000 samples per class). For a
given box plot, the middle line of the box is the median, the outer edges of the box are the 25™ and 75™
percentiles, and dashed lines are whiskers that extend to 1.5 * the standard deviation, with values greater than
this from the median shown as dots.
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C. Light Use Efficiency Parameters

We estimated typical daily GPP and PAR values by summing mean diurnal cycles
from half-hourly data at our in situ measurement sites (Figure 3). These were based on all
daytime (PAR > 0.45 W m™) observations during clear weather conditions during a range of
weeks centered on July 28. Within each vegetation type’s mean diurnal cycle, we used the
same half-hourly time points of GPP and PAR. The deciduous and evergreen tree half-
hourly GPP exhibited hysteresis patterns typical of sap flux measurements, with a rapid
increase in the morning and slow decline in the afternoon, and deciduous trees reached much
lower daily maximum values than evergreen trees. The half-hourly turf grass GPP tended to
reach a daily maximum in the mid-morning that remained relatively constant until the late
afternoon, depending on weather conditions. The modeled golf grass GPP did not have this
daily maximum, and reached higher values in a parabolic fashion. The PAR observations
were also parabolic because we had curated for particularly cloudy or rainy observations.

The sums of GPP and PAR from the mean diurnal cycles were stable and relatively
insensitive to date range, and we used the four-week date range to best represent the typical
midsummer climatology for the study area (Table 3). Deciduous trees consistently had the
lowest GPP, and evergreen trees and turf grass had similar GPP, with turf grass being
slightly greater than evergreen trees. Golf grass had by far the highest GPP, with estimates
twice as large as turf grass. The PAR observations were very similar across all time periods
with values approximately 12 MJ m~ d™.

We divided the summed mean diurnal cycle of GPP by the product of the summed
mean diurnal cycle of PAR and the FPAR at the in situ site to estimate an empirical LUE for

each respective vegetation type: deciduous trees, evergreen trees, turf grass, and golf grass
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(Table 4). We found that LUE was lowest for deciduous trees (0.24 gC MJ™") and highest for
golf grass (1.14 gC MI™"), with evergreen trees (0.56 gC MJ™) and turf grass (0.66 gC MJ™)

in between.

Deciduous Tree GPP Evergreen Tree GPP PAR
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Figure 3: In situ flux observations used to calculate mean daily sums of GPP and PAR during 4-week window.
Mean values at half hourly intervals are black lines, colors are day of year (DOY), triangles represent 2006 and
circles 2008. The deciduous (A) and evergreen tree (B) GPP data were from sap flux measurements in 2008,
the turf grass (D) GPP data were from eddy covariance measurements in 2006 and 2008, and the golf grass (E)
GPP data were modeled based on turf grass eddy covariance measurements under peak growing conditions in
2006 and 2008. The PAR data for all vegetation types (C & F) were measured at the turf grass site from
shortwave radiometer measurements multiplied by 0.45. Golf grass PAR (not shown) was assumed to be
similar to turf grass PAR.
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Table 3: Sum of mean diurnal cycles from in situ data of GPP (gC m™ d') and PAR (MJ m™ d™) observations
for 2-week (DOY 203-216), 3-week (DOY 199-219), and 4-week (DOY 196-223) intervals centered on July
28 (DOY 209). The 4-week interval values were used to calculate GPP across the study area. Data from the
40 m tower were missing for the 2-week interval because there were insufficient data to create a mean daily
sum.

2-week 3-week 4-week

Deciduous Tree 2.37 2.53 2.54
Evergreen Tree 5.50 5.75 5.57

GPP Turf Grass 6.54 6.04 5.96
Golf Grass 12.39 11.82 11.79

40 m tower NA 8.10 8.01

All Tree 11.99 11.94 12.08

PAR Turf Grass 12.01 11.99 12.15
Golf Grass 11.95 11.95 12.11

40 m tower NA 12.08 12.09

Table 4: Parameters from sums of mean diurnal cycles and site polygons in FPAR image to estimate LUE:
GPP (gC m™ d"), PAR (MJ m™” d"), FPAR (unitless), and LUE (gC MJ™).

GPP PAR FPAR LUE
Deciduous Tree 2.54 12.08 0.88 0.24
Evergreen Tree 5.57 12.08 0.83 0.56
Turf Grass 5.96 12.14 0.74 0.66
Golf Grass 11.79 12.11 0.86 1.14
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D. Comparison to Tall Tower Flux Measurements

We used eddy covariance data from the 40 m tall KUOM tower to independently
validate our GPP map. We used all available high quality observations during daylight (PAR
>0.45 W m™) during the same time periods in 2008 as were used for the in situ sites, and
generated mean diurnal cycles of GPP and PAR from these data (Figure 4; Table 3). The
GPP data at the flux tower exhibited a similar pattern to the turf site, but with a higher
constant daily maximum value that was attained closer to noon than at the turf site. The PAR
observations were similar to the observations for the other vegetation measurements in situ.

The summed mean diurnal cycles of GPP and PAR for the tall tower during the 4-
week time period were 8.01 gC m™d" and 12.09 MJ m™ d”', respectively, and we used this
PAR value to calculate our GPP map based on the LUE model. We used 80% contribution
polygons from the time points of the observations used to generate the mean diurnal cycle
for the tower to delineate an area of comparison between our GPP map and the tall tower
data (Figure 5). Our GPP map had a mean value of 7.10 gC m™ d”' for the parameterized
vegetation classes within the comparison region, and had we not parameterized golf grass
separate from turf grass, we would have obtained an estimate of only 5.09 gC m™ d'. We
considered our GPP map’s estimate, which was 11% lower than the tower GPP, to be

reasonable given the inherent variability in both our model and the tall tower’s data.
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Figure 4: Observations used to generate summed mean diurnal cycles of GPP from eddy covariance (A) and
PAR (shortwave radiometer * 0.45) (B) flux measurements from 40 m height on KUOM tower. Mean values at
half hourly intervals are black lines and colors are day of year (DOY). All data are from 2008.
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Figure 5: Union of high quality 80% contribution polygons forming tall tower ground footprint (white
boundary, tower is ‘X’) during 4-week interval over a clipped out area of the GPP map. Non-vegetated areas
are shown in black.
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E. GPP Totals

We used the pixel-based GPP map to estimate typical daily GPP totals for regions in
our study area (Table 5). We found that the majority of the vegetated area of the map
consisted of deciduous trees and turf grass, with only small contributions from the evergreen
trees and golf grass. For the total study area, the mean GPP across the parameterized
vegetation classes and the impervious and soil class was 2.64 gC m™ d”', and was 4.45
gC m™ d”' within the vegetation classes alone. The mean estimates of GPP were largely
constant within vegetated classes across the selected regions. Deciduous trees had the lowest
mean GPP (2.5 gC m™ d™), and evergreen trees (5.8 gC m™ d) and turf grass (6.0
gC m™ d™") had similar means, while golf grass (11.8 gC m™ d™') had the highest mean GPP.

The contributions to total GPP by vegetation class were consistent across the
selected regions, with turf grass contributing 55-60% and deciduous trees contributing 30%
of the total GPP. Both classes had similar coverage in the study region, but the lower LUE
of the deciduous trees resulted in lower GPP contributions overall. Evergreen trees and golf

grass did not have large impacts on the GPP totals due to their small coverage area.
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Table 5: Summary of vegetation classes and GPP within the full extent of the study area, the cities of
Minneapolis and Saint Paul, and Ramsey County. (A) Total area (km?); (B) Mean GPP (gC m™ d"); (C) Total
daily GPP (Mg C d™); and (D) Total daily GPP in percentages by vegetation type.

A. Areas (km?)

Full Study Extent Minneapolis Saint Paul Ramsey County
Deciduous Tree 228.1 353 38.0 115.9
Evergreen Tree 22.3 2.1 3.3 13.5
Turf Grass 204.4 30.0 28.0 95.8
Golf Grass 11.1 1.3 1.7 4.9
Impervious and Soil 317.6 70.6 61.9 139.7
Total Vegetated 465.9 68.7 71.1 230.1
Total Area 894.0 148.6 145.0 439.8
B. Mean GPP (gC m” d™)

Full Study Extent Minneapolis  Saint Paul Ramsey County
Deciduous Tree 2.52 2.45 2.51 2.54
Evergreen Tree 5.81 5.73 5.86 5.81
Turf Grass 6.05 5.97 6.02 6.10
Golf Grass 11.77 11.65 11.80 11.76
Total Vegetated 4.45 4.26 4.27 4.41
Total Vegetated + 2.64 2.10 2.8 2.75
Impervious and Soil
C. Total GPP (Metric Tons)

Full Study Extent Minneapolis  Saint Paul Ramsey County
Deciduous Tree 576 86 95 295
Evergreen Tree 129 12 19 78
Turf Grass 1236 179 169 584
Golf Grass 131 15 20 58
Total 2071 292 304 1015
D. GPP (%)

Full Study Extent Minneapolis Saint Paul Ramsey County
Deciduous Tree 27.8 29.5 31.4 29.0
Evergreen Tree 6.3 4.1 6.4 7.7
Turf Grass 59.7 61.2 55.5 57.6
Golf Grass 6.3 5.1 6.7 5.7
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F. Variability of GPP Among and Within Vegetation Types

We derived estimates of GPP for each of the cover types, and calculated the mean,
median, standard deviation (SD), and coefficient of variation (CV = SD / mean) (Table 6).
All of the distributions were left skewed (Figure 6), but the CV for the turf grass was nearly
twice as large as the CV for the other vegetation classes. Deciduous trees had a more peaked
distribution and lower SD than the other classes, but a similar CV to evergreen trees and golf

grass due to its lower mean GPP.

Table 6: GPP (gC m™ d") statistics for each vegetation cover type over the entire study area. CV is unitless.

Mean Median SD [\
Deciduous Tree 2.52 2.60 0.25 0.10
Evergreen Tree 5.81 5.92 0.52 0.09
Turf Grass 6.05 6.26 1.07 0.18
Golf Grass 11.77 12.10 1.20 0.10
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Figure 6: Normalized histogram of GPP (gC m™ d™) for each vegetation cover type from entire study
area.
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G. GPP Among and Within Land Use Types

The percent cover of the vegetation classes varied widely by land use category
(Table 7). We calculated percent cover from the vegetation classes and the impervious and
soil class. We did not include the other land cover classes (water, wetlands, agriculture, and
clouds / cloud shadows) in our percentage calculations because these were not typical built-
up and urban vegetated land cover classes that were the focus of our GPP analysis.

Residential areas had 63.2% vegetation cover, with high proportions of deciduous
trees (34.9%) and typical proportions of turf grass (24.9%) compared to the other land use
categories. Deciduous trees had less than 10% cover in the most developed land use
categories such as industrial, mixed use, retail, and airport, and much larger percentages in
less developed areas, with high values of 46.7% cover in the park, recreational, or preserve
class and 40.9% for undeveloped. Evergreen trees had marginal percent cover across all land
use categories, with a maximum of 4.4% for the park, recreational, or preserve class. Turf
grass had 26.1% cover for the total study area, and had the highest proportion of cover at
48.5% for the airport class. Golf courses were an extreme case with 65.3% grass cover and a
total of 91.1% vegetation cover, even higher than parks, recreational, or preserves (85.7%).
In general, as we compared land-use types from high to low total vegetation cover, losses of
vegetation cover tended to come initially at the expense of deciduous tree cover, and later at

the expense of turf grass after high levels (~70%) of impervious cover were reached.
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Table 7: Percent cover within built-up and urban vegetation areas only, with other land cover classes removed
(water, clouds, wetlands, and agriculture). Golf grass includes all turf grass within the golf course land use

type. Darker shading indicates larger values.

Imperv1qus All . Deciduous  Evergreen Turf Grass  Golf Grass
and Soil ~ Vegetation Tree Tree

Total Study Area 40.5 59.5 29.1 2.8 26.1 1.4
Airport 47.1 52.9 3.9 0.5 48.5 0.0
Golf Course 8.9 91.1 21.8 4.0 0.0 65.3
Industrial 74.5 25.5 8.1 0.7 16.6 0.0
Institutional 50.3 49.7 16.0 1.6 32.1 0.0
Major Highway 56.7 433 7.3 0.5 35.4 0.0
Mixed Use 66.5 33.5 7.3 0.6 25.7 0.0
Office 71.5 28.5 10.5 0.8 17.1 0.0
Park, Rec., or Preserve 14.3 85.7 46.7 44 34.6 0.0
Residential 36.8 63.2 34.9 3.4 24.9 0.0
Retail 82.6 17.4 6.7 0.4 10.4 0.0
Undeveloped 15.6 84.4 40.9 4.0 39.5 0.0

Table 8: Mean GPP (gC m™ d™") for the total study area by land use type for different land cover and
g y

vegetation type categories. The total area (km”) of the class and the total daily GPP (Mg d) are also included.
Darker shading indicates larger values.

Mean GPP (gC m~?d™")

h:pl.l ;f(;g.st)il Veg?t::tion Deciduous Tree Evergreen Tree Turf Grass Golf Grass To(tlil:né;ea 1;(1)\;[11 ((;]};P
Total Study Area 2.64 4.45 2.52 5.81 6.05 11.77 894 2071
Airport 2.57 4.85 2.58 6.12 5.02 0.00 11 27
Golf Course 8.48 9.31 2.59 5.89 0.00 11.77 18 151
Industrial 1.19 4.68 2.44 5.77 5.73 0.00 60 72
Institutional 2.40 4.82 2.48 5.64 5.95 0.00 54 129
Major Highway 2.17 5.01 2.46 5.67 5.52 0.00 37 80
Mixed Use 1.69 5.04 2.40 5.58 5.78 0.00 12 19
Office 1.32 4.63 2.41 5.63 5.94 0.00 10 13
Park, Rec., or Preserve 3.64 4.25 2.60 5.98 6.26 0.00 103 374
Residential 2.61 4.12 2.50 5.76 6.17 0.00 424 1106
Retail 0.76 4.38 2.37 5.60 5.63 0.00 40 31
Undeveloped 3.68 4.37 2.60 5.98 6.02 0.00 57 209
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The variation in mean GPP by land use class was most pronounced when the area of
impervious and soil was included (Table 8). Mean GPP within only vegetated pixels
exhibited some variability, but was relatively modest, with differences mostly attributable to
changes in the percentages of deciduous tree and turf grass cover. Golf courses were a
notable exception, and with high vegetation cover did not experience a large difference with
the inclusion of the impervious and soil class in the averaging. Turf grass accounted for the
majority (59.0% — 94.8%) of the total GPP within each land use type (Table 9).

Mean values within unique vegetation classes tended to be largely similar across the
different land use types, but did have some slight variation. The GPP by land use category
varied within the vegetation classes themselves as well. Turf grass had the lowest mean GPP
value in airports, while having the greatest values in the park, recreational, or preserve class
and residential areas. Turf grass GPP in general had a much larger CV across the land use
types than either of the tree classes (Table 10). The CV for golf grass GPP was similar to the
tree classes rather than the turf grass in the majority of the study area. Deciduous trees had
largely similar GPP estimates across land uses, but had lower values for the land use classes
with greater than 50% impervious and soil cover than the other classes, with the lowest GPP
estimates in the retail class. The CV of deciduous tree GPP tended to be larger in these less
vegetated classes as well. Evergreen trees showed similar trends to the deciduous trees, with
lower GPP values in the more impervious and soil covered classes, but with slightly less

pronounced differences in CV.
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Table 9: Percent contribution to total GPP of each parameterized vegetation class within each land use. Darker
shading indicates larger values.

Deciduous Tree Evergreen Tree Turf Grass Golf Grass

Total Study Area 27.8 6.3 59.7 6.3
Airport 3.9 1.3 94.8 0.0
Golf Course 6.7 2.8 0.0 90.6
Industrial 16.5 3.6 79.9 0.0
Institutional 16.6 3.8 79.6 0.0
Major Highway 8.3 1.4 90.3 0.0
Mixed Use 10.3 1.9 87.7 0.0
Office 19.2 3.6 77.3 0.0
Park, Rec., or Preserve 333 7.2 59.6 0.0
Residential 335 7.5 59.0 0.0
Retail 20.7 2.9 76.4 0.0
Undeveloped 28.9 6.5 64.6 0.0

Table 10: Coefficient of variation for the total study area and major land use categories. Darker shading
indicates larger values.

Deciduous Tree Evergreen Tree Turf Grass Golf Grass

Total Study Area 0.10 0.09 0.18 0.10
Airport 0.08 0.07 0.21 NA
Golf Course 0.07 0.08 NA 0.10
Industrial 0.12 0.10 0.20 NA
Institutional 0.11 0.10 0.17 NA
Major Highway 0.12 0.11 0.20 NA
Mixed Use 0.13 0.11 0.17 NA
Office 0.12 0.10 0.18 NA
Park, Rec., or Preserve 0.07 0.07 0.16 NA
Residential 0.10 0.09 0.16 NA
Retail 0.14 0.11 0.20 NA
Undeveloped 0.07 0.07 0.19 NA
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Mean GPP had a strong linear relationship (R* = 0.98) with percent vegetation cover
for all land use categories with the exception of golf courses (Figure 7A). Golf courses had
the highest percent vegetation cover of all land use types, and the uniquely high LUE
parameterization for golf grass resulted in a mean GPP twice as large as the prediction based
on the linear trend from the other classes. Despite the variation in deciduous tree and turf
grass percent cover and differences in LUE between the classes, the percent vegetation
cover was strongly related to the differences in GPP between the land use categories. This is
likely due to the tendency towards initial loss of deciduous tree cover and later turf grass as
vegetation cover is reduced. Relationships between mean land use GPP and the percent
cover of turf grass, deciduous trees, and evergreen trees (Figure 7) individually were still

visibly linear, but were not as strong as the relationship with percent vegetation cover.
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Figure 7: Mean GPP (all vegetation + impervious and soil, gC m™ d') of major land use types versus (A)
percent vegetation cover, (B) percent grass (turf + golf) cover, (C) percent deciduous tree cover, and (D)
percent evergreen tree cover. Golf courses have not been included in the linear regressions due to their unique
parameterization for turf grass.
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1V. Discussion

A. Evaluation of Urban GPP

1. Vegetation Cover and GPP Totals

Our GPP estimates were based on mean diurnal composites of GPP and incident
PAR, and were not intended to represent the actual GPP for any single real day, but rather to
represent typical GPP values during the midsummer period matching our WV-2 imagery
(late July to early August). Based on our analysis, the GPP of our total study area of 894
km?” was 2071 Mg C d”! (Table 5). Percent vegetation cover was 52.1 % for the full study
area, which is similar to vegetated, suburban regions in metropolitan Montreal, Canada
(50%) (Bergeron and Strachan, 2011), Helsinki, Finland (44%) (Jarvi et al, 2012), Syracuse,
New York (48.2%) (Myeong et al., 2001), and a park site in Essen, Germany (52%)
(Kordowski and Kuttler, 2010), but greater than other studies of dense urban regions
(Nordbo et al., 2012). Total tree canopy cover was 28.0% for the full study area, similar with
other studies using high spatial resolution imagery in Boston, Massachusetts (25.5%) (Raciti
et al., 2014), downtown Santa Barbara, California (25.4%) (Alonzo et al., 2016), Syracuse,
New York (26.6%) (Myeong et al., 2001) and Leipzig, Germany (19%) (Strohbach and
Haase, 2012). Minneapolis and Saint Paul had similar total vegetated land areas, which
resulted in similar estimates of total GPP for each city. However, Saint Paul had slightly
higher mean GPP for each vegetation type, resulting in 0.18 gC m™ d”' more GPP on
average (including impervious and soil) than Minneapolis. Ramsey County and the total

study area had even greater mean GPP due to the increased mean GPP of both deciduous
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trees and turf grass, whereas small differences in the mean GPP of evergreen trees and golf
grass did not strongly affect the totals. Combined, those two classes never constituted
greater than 14% of the total GPP for the full study area, Minneapolis, Saint Paul, or
Ramsey County. While the evergreen tree and golf grass vegetation classes were widely
scattered throughout the region, they were not the dominant factors driving urban GPP.
Rather, turf grass was responsible for the more than half of the total GPP for the region due
to its large area of coverage and relatively high mean GPP. Deciduous trees had the second
largest area of coverage among vegetation classes, but had a lower mean GPP than the other
vegetation classes, which led to it being responsible for only 27-32% of the total GPP for the
selected regions. These percent contributions were remarkably constant across Minneapolis,
Saint Paul, and Ramsey County, suggesting that there were not large differences in
vegetation type composition or vegetation condition (as evidenced by FPAR) at the large
scale of the major city or county spatial units.

Considering the patterns of GPP by land use class, residential areas covered nearly
50% of the total area in our study region, and they accounted for the largest share of the
region’s total GPP of all land use classes (Table 8). More heavily vegetated land use classes,
namely parks, recreational areas, or preserves; undeveloped lands; and golf courses, had
higher mean GPP, but they covered a smaller land area compared to residential land use.
Residential areas had the highest GPP of the more developed urban land use types, mainly
because they had more vegetation cover and higher mean GPP within the turf grass class.
The higher turf grass GPP in residential areas may have been due to more intensive
management including fertilizer application and irrigation (Milesi et al., 2005), and turf

grass within the park, recreational, or preserve land use exhibited a similarly higher mean
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GPP within turf grass covered areas. Overall, turf grass had a much larger CV than the other
vegetation classes, likely due to this variability in maintenance.

Our study region’s mean GPP (2.64 gC m™ d™') was much lower than GPP reported
for the Detroit metropolitan region by Zhao et al. (2007), which was nearly 15 gC m™>d"' on
average. This is partially attributable to differences in light use efficiency parameters, which
in Zhao et al.’s (2007) study were based on natural forests, grasslands, and agricultural crops
(Turner et al., 2003b) and scaled by typical fractional vegetation cover estimates within
AVHRR pixels based on Landsat-derived land cover. Another major factor was the
increased extent of their study region far beyond the core urban region of the city (Zhao et
al., 2007), which could lead to distinct differences in vegetation function becoming
dominated by non-urban tree cover.

The mean of our mapped estimate of vegetation GPP within the tower footprint was
11% lower than the GPP observations by the tall tower. We considered this difference to be
reasonable given multiple sources of error in the flux to map comparison. First, the land
cover map is subject to error in classification, and thus parameterization of GPP by
vegetation class. Relative error in the tree GPP sap flux was assumed to be 29% and 23% for
evergreen and deciduous trees, respectively (Peters and McFadden, 2012). Second, inherent
to the eddy covariance technique are errors associated with bias due to sensor configuration
and data processing of typically 5-10%, and also random errors due to atmospheric
turbulence of ~5% (Baldocchi, 2008). There are also errors in removing anthropogenic
fluxes at our site (Menzer et al., 2015). Lastly, there are errors associated with the modeling

of the flux footprint including changes in wind direction, the threshold of 80% of the flux
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attribution, and our measurements occurring a non-homogeneous surface (Kljun et al.,

2004).

2. FPAR

We used a linear NDVI-FPAR relationship from Sims et al. (2006a) for all of our
vegetation classes. The relationship between NDVI and FPAR has been shown to be near-
linear for many types of vegetation (Ruimy et al., 1994; Myneni and Williams, 1994; Song
et al., 2013). The relationship in Sims et al. (2006a) has been used in other studies based on
MODIS NDVI (e.g. Wu et al., 2012; Zhang et al., 2016). FPAR has also been estimated in
the remote sensing literature using relationships with other spectral indices such as the
Enhanced Vegetation Index (EVI) (e.g. Sims et al., 2006b; Mahadevan et al., 2008) and
radiative transfer models (e.g. Knyazikhin et al., 1999; Myneni et al., 2002).

The FPAR of the grass at our turf site derived from the WV-2 image was 0.74. This
reflects the summer dormancy typical of C3 turf grasses in the region compared with the
more uniformly irrigated and well-maintained golf grass’s mean FPAR (0.86). We found
that the relationship in Wu and Bauer (2012) would have resulted in a lower FPAR estimate.
The authors’ NDVI-FPAR relationship (FPAR = 1.29 * NDVI — 0.29) was measured in the
field on lawns near our turf site, but had a lower offset and greater slope than the
relationship we used from Sims et al. (2006a). Our estimates for FPAR for turf grass are
similar to midsummer values of ~0.7 for a corn and soybean site in Illinois (Turner et al.,
2005; Meyers and Hollinger, 2004) and a value of ~0.8 for a tallgrass prairie site in eastern
Kansas (Turner et al., 2006; Ham and Knapp, 1998).

Our deciduous tree and evergreen tree FPAR estimates correspond well with

estimates in Turner et al. (2005) for the respective vegetation types (Wofsy et al., 1993;
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Anthoni et al., 2002) and to mixed forest in Turner et al. (2006) (Davis et al., 2003). In
general, trees did not show a large amount of variability in FPAR in comparison to the turf
grass, and this may be due to the lack of summer dormancy in trees (Peters and McFadden,
2012; Turner et al., 2005). The FPAR at the sap flux sites was lower than the median
overall, but not atypical for open-grown trees in park-like conditions with a variety of
canopy densities. More tightly grown trees in the forested regions of our study area tended

to have higher FPAR values.

3. Light Use Efficiency

In this study, we calculated an empirical LUE value for each urban vegetation type
using daily GPP and PAR totals from in situ measurements in combination FPAR estimates
from WV-2 NDVI. The empirical LUE values we derived were applied as constants across
our study area. Often, global models of GPP group similar biomes and plant functional types
into single classes, resulting in only a few different vegetation classes overall at the global
scale (e.g. Prince and Goward, 1995). A maximum LUE is derived for each of these
vegetation classes, either from field data, remote sensing, or modeling, and the maximum
value is then attenuated on a per-pixel basis by scaling based on environmental variables
such as temperature and vapor pressure deficit (VPD) (e.g. Heinsch et al., 2003). The scalars
attempt to account for seasonality and variability between distinct biomes with broadly
similar plant functional types. Since the empirical LUE values we have derived here are
locally parameterized, we did not need to modify our LUE values by environmental
conditions due to broad similarities in conditions across the study area. While LUE likely
varies spatially at highly local scales by species, shading, soil, and other factors (Ahl et al.,

2004; Schwalm et al., 2006), our LUE values were representative of average values for the
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majority of vegetation. However, our empirical LUE values are only representative of clear,
midsummer days in our study area, and are not indicative of LUE for all seasons and solar
radiation conditions. While we have in situ flux measurements available on a daily basis for
multiple years, to properly characterize the annual cycle of LUE with our techniques would
require a corresponding time series of high resolution imagery (e.g., WV-2), which is
unavailable. In the future, if at least a few seasonal time points are available in high
resolution imagery, it may be feasible to use data fusion techniques with daily imagery such
as MODIS (e.g., Gao et al., 2006, Kim and Hogue, 2012) to a complete seasonal time series
of high resolution FPAR estimates.

We compared our empirical LUE estimates to estimates of LUE based on the Daily
GPP and Annual NPP (MOD17A2/A3) Products User’s Guide Version 3.0 (Running and
Zhao, 2015; Yang et al., 2007). MOD17 GPP has maximum LUE values for various
vegetation classes that are scaled down by linear ramp functions related to minimum daily
temperature and VPD based on gridded meteorological data. To estimate MOD17 LUE for
our study area, we used temperature and VPD data from our in situ turf site with the half
hourly time points that we had used to calculate our empirical turf grass LUE. The MOD17
LUE estimates were not affected by minimum air temperature because the minimum air
temperature (~17.0° C) during this interval was larger than the upper temperature threshold
for LUE scaling for all MOD17 vegetation classes. However, the MOD17 LUE for each
class was affected by VPD, and we calculated mean daily VPD estimates based on both the

mean (2.018 kPa) and the median (1.881 kPa) at each half hourly time point (Figure 8).
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Figure 8: Typical mean daily VPD estimates derived from half hourly observations at the turf grass flux tower
site. The half hourly means are indicated by the black line (mean = 2.018 kPa), and the half hourly medians by
the blue line (mean = 1.881 kPa).
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Table 11: Comparison between our empirical LUE estimates and estimates for scaled MODIS GPP (MOD17)
LUE by vegetation class. LUE estimates are gC MJ ™.

This Study Estimated MODIS GPP (MOD17)
Vegetation Class LUE Vegetation Class LUE (VPD =2.018 kPa) LUE (VPD = 1.881 kPa)
Deciduous Tree 0.24 Evergreen Needleleaf Forest 0.63 0.66
Evergreen Tree  0.56 Evergreen Broadleaf Forest 0.60 0.67

Deciduous Needleleaf Forest 0.19 0.28
Deciduous Broadleaf Forest 0.00 0.00
Mixed Forest 0.23 0.31
Closed Shrubland 0.85 0.89
Open Shrubland 0.56 0.59
Woody Savanna 0.57 0.64
Turf Grass 0.66 Savanna 0.53 0.60
Golf Grass 1.14 Grassland 0.61 0.63
Cropland 0.65 0.69
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With the exception of golf grass, our empirical LUE estimates generally
corresponded well with the MOD17 LUE estimates (Table 11). Our deciduous tree LUE
(0.24 gC MJ™") is similar to the MOD17 mixed forest LUE (0.23 and 0.31 gC MJ™), but the
MOD17 deciduous broadleaf forest LUE had been scaled to 0 gC MJ" due to the high VPD
observations. Our evergreen tree LUE (0.56 gC MI™) is similar to the MOD17 evergreen
needleleaf forest LUE (0.63 and 0.66 gC MJ™), and our turf grass LUE (0.66 gC MJ) is
similar to the MOD17 LUE estimates for the herbaceous classes of savanna (0.53 and 0.60
gC MJ™), grassland (0.61 and 0.63 gC MJ™), and cropland (0.65 and 0.69 gC MI™"). Our golf
grass LUE (1.14 gC MJ") is much higher than any of the MOD17 LUE estimates for any
vegetation class. We could have likely used MOD17 LUE estimates based on our in situ
VPD observations for our evergreen tree and turf grass GPP calculations, but deciduous
trees, without knowing a priori to substitute the MOD17 mixed forest class, and golf grass
would not have had accurate GPP estimates with these parameters.

In addition, we compared our clear-sky, midsummer empirical LUE values to several
example literature values for similar vegetation types (Table 12). Our golf grass LUE is high
and our turf grass LUE is low compared to many literature estimates for grasslands. Both of
our estimates were lower than maximum estimates for turf grass LUE at various levels of
nitrogen application from Wu and Bauer (2012) when converted to GPP LUE from NPP
LUE using a ratio of NPP/GPP = 0.5. Our evergreen and deciduous tree LUE estimates are
both low compared to literature estimates. Although many studies indicate higher LUE for
deciduous trees than for evergreen trees (Ruimy et al., 1994; Still et al., 2004), we found our
evergreen tree LUE was twice that of our deciduous tree LUE. We refer to summaries in

Ruimy et al. (1994) and Goetz and Prince (1999) for further LUE comparisons.
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Table 12: Comparisons of our empirical LUE values to literature values. Literature LUE marked with ‘*” have
been converted to GPP LUE from NPP LUE using a ratio of NPP/GPP = 0.5, and vegetation types denoted
with ‘max’ are maximum LUE parameters that are normally adjusted downward by environmental scalars to
estimate GPP.

This Study Literature
Vegetation Class LUE Vegetation Class LUE Reference
Turf Grass 0.66 Grassland (max) 0.86 Yang et al., 2007
Golf Grass 1.14 Cropland (max) 1.47
Desert Grassland ~0.5
Corn and Soybean (MODIS) ~0.5 Turner et al., 2005

Corn and Soybean (BigFoot flux model) ~2.0

Tallgrass Prairie (MODIS) ~0.5

T tal., 2006
Tallgrass Prairie (BigFoot flux model)  ~1.5 urhereta

Turf Grass (high N; max) 2.16*
Turf Grass (med. N; max) 1.68* Wu and Bauer, 2012
Turf Grass (low N; max) 1.3*
Evergreen Tree 0.56 Boreal Forest ~1.0 T tal.. 2005
urner et al.,
Dryland Needleleaf Forest ~0.5
Evergreen Needleleaf Forest (max) 1.02 Yang et al., 2007
Deciduous Tree 0.24 Deciduous Broadleaf Forest ~12 Turner et al., 2005
Deciduous Broadleaf Forest (max) 1.56 Yang et al., 2007
Mixed Forest ~1.0 Turner et al., 2006
Mixed Forest (max) 1.31 Yang et al., 2007
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B. Comparison to Natural Vegetation

Our mean GPP of 2.64 gC m™ d”' for the full study area (including the large fraction
of non-vegetated impervious surfaces) is lower than GPP estimates for many natural
ecosystems (Yuan et al., 2007). Compared in this way, GPP of the metropolitan region is
more similar to desert grassland or tundra than to natural temperate broadleaf deciduous
forest or tallgrass prairie (Turner et al., 2005). Due to similarities in urban land cover
composition (McKinney, 2006), the GPP of the Minneapolis-Saint Paul metropolitan region
likely has more in common with other midwestern cities such as Milwaukee and Chicago
than the surrounding natural forests and grasslands. Additionally, the mean GPP of all
vegetation (excluding impervious surfaces) in our full study area was 4.45 gC m™ d”!, which
is much lower than the ~8 — 14 gC m™ d”' that is typical for nearby mixed forests (Lost
Creek, Wisconsin, Davis et al., 2003; Sylvania, Wisconsin, Desai et al., 2005; UMBS,
Michigan, Curtis et al., 2005), deciduous broadleaf forests (Willow Creek, Wisconsin,
Bolstad et al., 2004) and grasslands (Walnut River, Kansas, Song et al., 2005) (Yuan et al.,
2007), and is more similar to a boreal evergreen needleleaf forest site in Manitoba (Boreas
NSA, Goulden et al., 2006) (Yuan et al., 2007).

Our turf site grass experienced peak uptake in May (Peters and McFadden, 2012),
and the GPP estimates we make in this study were characteristic of the midsummer
dormancy period typical of C3 grasses. The golf grass GPP was modeled based on the peak
uptake for turf grass, assuming relatively little in the way of nutrient or water limitations.
Although there is no direct comparison for turf grass in natural ecosystems, turf grass GPP
can be compared to estimates for grasslands and herbaceous crops. Our turf grass GPP

estimates were much lower than a tallgrass prairie site in Kansas (Walnut River, Song et al.,
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2005), but were very similar to an abandoned agricultural field near Duke Forest in North
Carolina (Duke Grass, Novick et al., 2004) (Yuan et al., 2007). Furthermore, our estimates
for turf grass GPP were much larger than midsummer estimates for a desert grassland site in
New Mexico (Sevilleta LTER, Kurc and Small, 2004), and much smaller than a corn and
soybean site in Illinois (Meyers and Hollinger, 2004) as estimated from flux towers and
MODIS GPP (Turner et al., 2005). Our golf grass GPP was more similar to the
aforementioned tallgrass prairie and corn and soybean sites.

Our GPP estimates for deciduous trees were lower than many of the values reported
in the literature for natural forests (e.g. Turner et al., 2003; Turner et al., 2005; Heinsch et
al., 2006). Our estimates are local to our study area as they were trained on the in situ
measurements based on sap flux from Peters and McFadden (2012). Reductions in GPP may
be because open grown trees, typical of urban areas, tend to have less above ground biomass
than trees with similar heights and DBH measurements in forests (Nowak, 1994). Urban
trees experience many local environmental stresses (Oke, 1989) that likely impact GPP per
unit area. On an annual scale, it is possible to expect increased carbon uptake in deciduous
trees in urban areas due to an extended growing season from increased temperatures in the
urban heat island (Keenan et al., 2014; Melaas et al., 2016), but reductions in growth may
mitigate the benefits of such increases (Reinmann and Hutyra, 2017). Evergreen tree GPP in
our study area was similar to estimates from flux measurements at a dryland temperate
conifer forest site in Oregon (Anthoni et al., 2002) and a boreal forest site in northern
Manitoba (Goulden et al., 1997) at the peak daily rate (Turner et al., 2005; Heinsch et al.,

2006).

48



C. Variability Within Vegetation Types

In our mapped estimates, LUE and PAR were held constant across the study area,
thus GPP variability within the vegetation classes was due to spatial variations in FPAR,
which was derived from WV-2 NDVI. The GPP estimates for the tree and golf grass classes
were more tightly clustered than the turf grass class, which had significantly higher
variability than all of the other urban vegetation classes. The variations in FPAR, and thus
GPP, within the turf grass class were most likely due to differences in the intensity of lawn
management. This may have been even more clearly expressed because our imagery was
from the midsummer period when C3 turf grasses experience a period of dormancy which
can vary with site conditions such as solar exposure and management practices, especially
irrigation. In contrast, trees do not experience midseason dormancy like the C3 turf grasses,
and the golf grass can be expected to have a more uniformly high level of maintenance, with
significant nutrient inputs through fertilizers and intensive irrigation to reduce the stress of
midsummer high temperatures on the turf grass. The productivity of trees did not appear to
vary strongly across our study area as evidenced by their low spatial variations in FPAR;
however, this may have been be due to saturation of the NDVI at high levels of canopy
density (Huete, 1988), potentially resulting in a ceiling for our GPP ranges in trees. These
differences would likely be even more pronounced when distinguished by species (Peters
and McFadden, 2012; Ahl et al., 2004).

At the citywide and regional scales, the distributions of turf grass GPP estimates
were similar. The larger range of GPP in turf grass was likely attributable to the variety of
management levels within the class (Wu and Bauer, 2012; Milesi et al., 2005). Some turf

grasses are well maintained, and may in fact have similar GPP to golf grass, while other turf
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grasses have low levels of maintenance, resulting in lower GPP estimates. These low GPP
turf grasses may be pixels with larger percentages of bare soil, which would further reduce
GPP estimates. Instead of using a strict threshold in NDVI, we distinguished the impervious
and bare soil class from the vegetation using a maximum likelihood classifier, which we
found gave us a better result for including senesced grasses in the turf grass class based on
visual inspection. This classification technique contributes to the diversity of GPP values for
grass, including lower GPP estimates than would otherwise be included based on

thresholding.

D. Variability Among Land Use Types

Often, studies of urban GPP stratify by land use type or urban density classes and
then assign vegetation classes and LUE parameters accordingly (e.g. Zhao et al., 2007). In
this study we were able to resolve fine scale patterns of each major urban vegetation type
within different land use units, and thus estimate contribution to GPP from the proportion of
vegetation cover within each land use. The percent vegetation cover varied widely by land
use type (Table 7), and a uniform percent cover for the study region would be inappropriate
to apply due to the diversity of cover. However, varying percent vegetation cover within a
Landsat or MODIS pixel to estimate GPP may be possible if the distribution of vegetation
types relative to each other is uniform at a sufficient scale for analysis (Figure 7). At present,
we are unable to make annual estimates of GPP for our full study region, but if strong
relationships with reflectance estimates from MODIS exist, we could potentially scale our
data across an annual cycle, with the caveat of being unable to distinguish the timing of

green up and senescence of specific grass versus tree pixels in our scene.
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The residential land use type represented more than half (1106 Mg d™') of the total
daily GPP (2071 Mg d™) for the full study region due to its large area (424 km?*, 47% of the
full study area) and relatively high mean GPP (2.61 gC m™ d™") among the built-up and
urban vegetation land cover classes (Table 8). Parks, recreational areas, or preserves and
undeveloped areas also had relatively high contributions to the total. Interestingly, these two
classes had the highest estimates of mean GPP for deciduous trees, and had among the
highest mean GPP for grass, along with the residential class. This may imply that, in urban
areas, vegetation might be more productive due to greater transpiration in areas with greater
vegetation cover, perhaps as a result of lower temperatures and a lower vapor pressure
deficit in more vegetated regions (Kjelgren and Montague, 1998). An alternative possibility
is that the less vegetated areas had a greater proportion of pixels that were mixed with
impervious surfaces, which would reduce the apparent GPP due to the effect of mixed pixels
on NDVI (Wetherley et al., 2017). This effect should have been limited at high spatial
resolution used in our study as compared to previous work on urban GPP that used coarser
resolution imagery such as Landsat; however, even at the 2 m resolution of our imagery
there undoubtedly were small effects due to edges or the presence of bare soil within turf
grass lawns, for example.

Evaporative demand can be greater in urban vegetation near impervious surfaces as
well due to advection. For example, Spronken-Smith et al. (2000) found that an irrigated
urban park in Sacramento, California evaporated ~35% more water than a rural irrigated sod
farm outside of the city. Without sufficient irrigation, urban C3 turf grasses are limited in
their GPP at high levels of potential evapotranspiration and temperature (Peters and

McFadden, 2012). Field experiments of well-watered plants have shown that isolated plants
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surrounded by impervious surfaces tend to have much higher transpiration rates than less
isolated plants (Hagishima et al., 2007). Increased tree GPP in more densely vegetated
regions may also be related to differences in crown shape and growth patterns between
forest and non-forest trees. Land use classes with more impervious surface cover had
reduced mean GPP mainly due to their relative lack of vegetation, but the mean GPP by
vegetation class within these land uses was also slightly reduced relative to the more
vegetated land use types. The coefficient of variation by vegetation class did vary by land

use type as well, but did not reflect any easily identifiable trend between land uses.

E. Implications for Urban Vegetation Carbon Budget

Characterization of urban GPP is important to improve understanding of the initial
inputs and pathways of carbon in urban ecosystems, but high rates of GPP do not necessarily
imply high rates of carbon uptake and storage via NPP (NPP = GPP — Plant Respiration). In
our study area, turf grasses are likely to be net sources of atmospheric CO; during
midsummer due to temperature-induced dormancy, resulting in high rates of respiration
exceeding GPP (Peters and McFadden, 2012). At our turf grass site, Hiller et al. (2011)
found that over the course of two years of study, the site was a net source in 2007 due to hot,
dry summertime conditions, but was a net sink in 2008 under more typical weather
(growing-season mean air temperatures were 15.2° C in 2007 and 13.2° C in 2008) (Peters
and McFadden, 2012). Irrigated, recreational turf grasses such as golf courses were not as
impacted by the high temperatures as were non-irrigated, residential turf grasses. In addition,
while natural ecosystems such as tallgrass prairies can take up large amounts of carbon in

soil organic matter over time, in urban turf grass, shallow rooting depth and maintenance
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practices such as aerification tend to limit the amount of soil organic matter that can be
stored. Although well-irrigated areas tend to produce greater initial sinks through greater
biomass production (Milesi et al., 2005), areas of lower maintenance (e.g. certain residential
areas) may produce greater sinks in soil over time than highly managed recreational areas
(Pouyat et al., 20006).

Both deciduous and evergreen tree species at our sites were net sinks during 2007
and 2008 (Peters and McFadden (2012). Trees store carbon as wood (Nowak, 1994) in
addition to producing soil organic matter, and have greater long term carbon storage with
typical average NPP:GPP ratios of forests being ~0.5 with high variability (Waring et al.,
1998; DeLucia et al., 2007). For example, net uptake has been shown to vary significantly
with stand age in managed forests (Noormets et al., 2007). Furthermore, dense tree canopy
cover (leaf area) may result in reduced CO; flux from soils due to local temperature
reduction (Peters and McFadden, 2010). Although spatial modeling of plant respiration and
thus NPP was beyond the scope of this study, we note that in our study area net carbon
uptake over time was likely to be mainly driven by tree cover rather than turf grasses.
Therefore, land use types with high proportions of tree cover (residential; park, recreational,
or preserve; undeveloped) likely have the greatest effect on urban net carbon uptake.

The potential of future urban expansion makes it critically important to understand
environmental effects within urban areas. Urban growth often replaces existing vegetation
cover, and characterization of ecosystem services from vegetation, such as GPP, will
become an increasingly necessary consideration for sustainable development. For residential
homeowners in the Minneapolis-Saint Paul metropolitan area, although turf grass has high

GPP, this does not imply high NPP, and trees are more likely avenues of long-term carbon

53



storage. Our study aims to contextualize urban GPP as part of global carbon cycle
monitoring, with hopes of enhancing future urban planning strategies in regards to carbon

uptake.

V. Conclusions

In this study, we analyzed variations in GPP across the 894 km® Minneapolis-Paul
metropolitan region. First, we investigated the magnitude and variability of GPP within and
among the major urban vegetation classes in the study area. Deciduous trees had the lowest
mean GPP while golf grass had the highest, and the coefficient of variation for turf grass
GPP was twice as large as for the other vegetation types. Second, we compared GPP within
major urban land use types to determine whether land use GPP was more determined by the
fractional cover of different vegetation types or by the rate of GPP within the vegetation
types. Percent vegetation cover generally described differences in land use GPP. However,
there were differences between land use types in mean GPP by vegetation class, with more
vegetated land use types tending to have higher GPP estimates. Third, we compared our
estimates of urban vegetation GPP to natural vegetation, and used our in situ data to suggest
likely estimates of NPP. On a total area basis, urban GPP tended to be low relative to natural
forests and grasslands due to reduced total vegetation cover. Excluding non-vegetated
surfaces, mean urban vegetation GPP tended to be lower than comparable natural vegetation
GPP, mainly due to the low GPP of deciduous trees.

It is important to note that these differences refer strictly to GPP, which was the
focus of our study. When taking plant and soil respiration into account (i.e., NPP or net

ecosystem exchange of CO,), our in situ flux data show that, on an annual basis, turf grass in

54



our study area can be a net source or a sink of carbon, while trees were reliable sinks.
Further work would use remote sensing data fusion techniques to evaluate seasonal changes
in the spatial variability of GPP by vegetation and land use type, and would help to
extrapolate our current results to an annual cycle. The present study showed that high spatial
resolution imagery can reveal important patterns of variability in urban GPP compared to
lower resolution sensors; however, the total percent vegetation cover provided reasonable
estimates of GPP at large scales for the urban area. This suggests that urban GPP can be
adequately quantified at the metropolitan scale using coarser resolution sensors and
fractional vegetation cover estimates given that vegetation LUE is appropriately
parameterized, but higher resolution imagery is necessary to compare within and among

neighborhoods, land use types, and vegetation cover classes.
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