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Rel ationships between Forest Productivity
Lindsey Denise Finks
ABSTRACT

Landowners and managers are often incentivized solely for maximized forest
productivity (i.e., increasing biomass or carbon); however, maximizing forest productivity can
result in a decline in downstream water resources, highlighting the need for a better
understanding of such tradeoffs to inform incentive programs aimed at influencing land
management decisions. In this study, we use remotely sensed products to quantify forest
productivity and water yield across the stat®&io§inia andanalyze the relatitships between
them at differing spatial scales, across physiographic regions, and by forest cover type. Forest

cover was delineated using annual National Land Cover Database (NLCD) land cover products.

Net primary productivity, or carbon allocated to pilaiomass after losses from respiration, was
acquired using the MOD17 algorithm applied to Landsaini3@solution) and MODIS (25
resolution) imagery. Water yield (WY), defined as precipitation minus evapotranspiration, was
modeled using Mapping Evapa@nspiration at high Resolution with Internalized Calibration
(METRIC) along with PRISM precipitation data. Annual rates of WY and NPP were weakly
correlated for both Landsgt ( = OCandQM®DDBIp ( -6.088); howevergNPP andp/NY, or

the change in pixdevel annual WY and NPP over time, were more strongly and negatively
correlated for both Landsgt ( -&. 35) and - 3gugg8sting strong tradeoffs. When
observed by physiographic region, tradeoffs were most prominent in the Valley and iRidge a

Blue RidgeCompari ng @NPP versus @WX¥arying ¢nersnmentah i | e

controls associated with annual rates, better isolates this tradeeéfaging available remotely

sensed information on forest productivity and water yield tradeoffs can better guide management

decisions andetter inform the provisioning of water yield in relation to other ecosystem
services more commonly correlated with forest productivity.
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GENERALAUDIENCE ABSTRACT

Forests provide many ecosystem services, including storing carbon and supporting water
resources. Recently, forest management has been aimed at increasing carbon storage through
increased forest productivity. However, increasing forest growth to maximuikerc storage can
sometimes reduce water availability (i.e., water yield), creating a tradeoff that land managers
need to consider. This study examines the relationship between forest productivity and water
yield in Virginia using two satellite derived ngaes of forest productivity and water yield. In
this study, we quantified forest productivity (aboveground carbon accumulated in forests) and
water yield (water left after forest use) and two spatiales anadditionally analyzed these
rates by physiographic region and forest cover type. When comparing annual rates of forest
productivity and water yield, tradeoffs were not captured well. Additionally, we calculated the
annual change of forest productivity andter yield at each site, which showed st
productivity increased water yield generally decreased. This tradeoff was most prominent in the
mountain regions in Virginia, with weakest relationships occurring under all evergreen forests in
the eastern regions. Increasing the understanding of tieardgs between forest productivity
and water yield, and how they may be measured at larger scales, can better guide management
decisions and incentive programs.
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1. Introduction

Forests play givotal role in climate change mitigation strategies due to their ability to
sequester substantial amounts of terrestrial carbon (Canadell and Raupach, 2008; McKinley et
al., 201} andcontribute to the provisioning of regional water resources (Sun et al., 2008;
McNulty et al., 2012). In the Southeastern US, where forests cover over 50% of the region,
forested landscapes exert significant controls on terrestrial carbon and wate(Dioxgkass
1983;Makarieva et al., 2012). While landowners and managersften incentivized to increase
forest productivity, there will generally be a tradeoff (i.e., decrease) in water yield, defined here
as precipitation minus evapotranspiration (Rosenzweig et al., 1967; Jackson et al., 2005; Khanal
et al., 2017; McNulty &al., 2010). While numerous studies have explored this tradeoff, findings
are often too narrowly focused (e.g., stdenkl) or too broad (e.g., watershed scale) to inform
practical management decisions (Ajaz Ahmed et al., 2017; Sun et al., 2005). idhexdfetter
understanding of potential tradeoffs is needed to inform forest management strategies aimed at
both carbon and water outcomes (Ellison et al., 2018; Filoso et al., 2017).

Many forest ecosystem services are dependent on forest productivity, which isbgriven
foreststructure and environmental controls (Liu et al., 2024). Forest productivity is influenced by
biotic and abiotic factors, including climate, soil and topography, cover type, and structural
characteristics such as stand age and leaf area index (LAI) @ddg€lepzig, 2013; He et al.,

2012; Houghton and Hackler, 2000). Additionally, forest productivity is mediated by human
activity, especially via land use and lacwlrer change (Gaston, 2006; Belote et al., 2011). As
such, forest productivity can change over space and time, which can impact the provisioning of
ecosystem services (McNulty et al., 2010; Ajaz Ahmed et al., 2017).

While forest ecosystems in the southeastern US are often managed in favor of timber
markets, forests can also be managed for a range of other ecosystem services, including carbon
sequestration, biodiversity preservation, water quantity and quality, amgtien (Duncker et
al., 2012; Khanal et al., 2017; Poudyal et al., 2019). Management objectives are relatively
heterogeneous across forest landowners in this region. For exampldppimeated forests in
the southeastern Coastal Plain are primarily gaddor plantation forestry, whereas hardwood
forests tend to support greater species diversity and are often valued for habitat and recreational
benefits (Belote et al., 2011; Poudyal et al., 2019). Plantation forests typically emphasize short
term produtvity through management techniques such as sbtation plantings, cleagut
harvests, and stand thinning (Becknell et al., 2015; Woodbury et al., 2007). As interest grows in
naturebased climate solutions, carbon markets that offer payment for cstdyed in forests are
emerging as a potential economic incentive to shift or supplement management objectives,
particularly toward practices that enhance kbegn carbon storage and otherlmenefits
(Khanal et al., 2017; Jayachandran et al., 2017). Buweimtives have furthered the
guantification and modeling of carbon stored in forest ecosystems under specific management
outcomes (Mickler et al., 2004).



Forest carbon fluxes can be measured in the form of aboveground net primary
productivity, referred hereafter as NPP, or the carbon allocated to plant biomass after autotrophic
respiration (Ruimy et al., 1994). Although NPP is conceptually defined asfftreexce between
gross primary productivity (GPP) and plant respiration, it cannot be measured directly in these
terms (Waring & Schlesinger, 1985; Ryan, 1991, Clark et al., 2001)-b#sield methods like
eddy covariance flux towers offer accurate, Higgguency data but are spatially limited and
costly (Coops et al., 2007). Remote sensing has enabled regional to global estimation of NPP,
buil ding on Monteithoés (1972) light use effic
solar energy. This fraework was operationalized by Sellers (1987) using remotely sensed
vegetation indices and later advanced by Running et al. (2004) through the MOD17 algorithm,
which estimates annual NPP globally gtrh resolution using MODIS satellite data. More
recent vesions provide annual NPP estimates at finer resolutions, includingh2fi6bally and
30-m across the continental US (Robinson et al., 2018; Running et al., 2004). As such, advances
in remotely sensed NPP products enable ongoing investigation of telestoian fluxes and
related ecosystem services across varying spatial and temporal scales.

Water yield (WY) can vary regionally but is also highly sensitive to forest structural
controls (Anderson et al., 1976). Forest structure and composition exert strong influences on
WY, as ET increases with canopy cover and can differ amongst speciesdisatal., 2023;

Liu et al., 2024). As defined by Rosenzweig et al. (1967) and furthered by Law et al. (2002), as
tree NPP increases, water yield decreases. Additionally, specific forest structural characteristics
can be a control on WY. For example, Maalin et al. (2013) suggested that decreases in

forest biomass (e.g., reduced LAl and basal area), that are often the goal of habitat management
efforts, also can help increase water yield in both plantation and natural forests, and Acharya et
al (2022) tirthered the importance of leaf area index as a strong predictor-tEatevater

yield. Acharya et al (2022) additionally identified how these relationships vary spatially,
exhibiting differences of water yield across water table depth and soil geadsémilarly, Liu et

al (2023) suggested that management practices such as thinning and prescribed burns could
impact regional WY by altering ET rates. Additionally, WY can be affected by environmental
conditions, suclas climatetopography, water availability and soil type (Caldlvarado and

Gregory, 1997). Although these studies confirm that forest management influences water yield
rates, uncertainties remain in analyzing how forest structure and climate variation interact to
affect dynamic water yieldt broader scales (McNulty et al., 2018).

There is a growing interest in managing forest specifically for water yield outcomes,
showing that forests can be managed for more or less water depending on regional or local needs
(Acharya et al., 2022; Isaacson et al., 2023). Relatedly, some effdarisdhs on increasing
incentivizing management practices that enhance WY by reducing ecosystem water use,
particularly in watedimited systems (Edwards and Trondle, 2012). Incentive programs have
been established to guide management for increased watditgand quality through forest
conservation (Kreye et al., 2014). However, programs for forest water yield are not fully
developed due to the uncertainties between forest structure and climate variability (Acharya et



al., 2022; McNulty et al., 2018). Studies focusing on forest WY incentives and landowner
preferences have identified a modest increase in WY (<1% regionally) in areas that are
intensively managed for timber (Susaeta et al., 2017). Yet, focusing on regamagement for

WY could contribute to biodiversity resilience and drought tolerance for ecosystems (McNulty et
al., 2013), and aid ecological restoration for species that are less water intensive (Liu et al.,
2025).

WY can be quantified using a range of methods, from grdaasgéd measurements to
remote sensing and atmospheric modeling. Paired catchment studies have traditionally been used
to evaluate WY responses to forest disturbances, such as harvest or afiordsyatixamining
changes in streamflow (Bosch and Hewlett, 1982; Brown et al., 200&julmethods often
focus on quantifying evapotranspiration (ET), interception, and precipitation; for instance,
Acharya et al. (2022) estimated WY in pine plantatiosiag daily ET measurements alongside
aridity index, leaf area index (LAI), and groundwater depth. While flux towers provide high
temporal resolution data on ET and WY, their spatial coverage is limited. To address this, forest
ecosystem models such as FAEand WaSSI have been employed to scale up WY estimates
across broader spatial extents (McNulty et al., 1996; Sun et al., 2005). These models have
advanced understanding of forbstdrologyinteractions yetemain constrained by land use
changes and hawhad limited success in capturing hydrological dynamics in the Southeastern
United States (Sun et al., 2005). Remote sensing techniques have substantially improved WY
estimation over the past two decades by deriving ET at the pixel level from thermaddnfr
imagery (Anderson et al., 2007). Coarssolution sensors like MODIS-m) provide high
temporal frequency but lack the spatial detail needed to detecdahe variation in ET
(Running et al., 2017). Higheesolution methods such as METRIC (MagpET at high
Resolution with Internalized Calibration) and DisALEXI (Disaggregated Atmosgleerd
Exchange Inverse Model) use finer@0spatial resolutioimagery butare limited by 816 day
revisit intervals. To overcome these limitations, recent efforts have focused on data fusion
techniques that combine the temporal frequency of MODIS with the spatial resolution of
Landsat, enabling more continuous and spatialipeefestimates of ET and WY (Yang et al.,
2017).

Given the growing emphasis on forest management for carbon sequestration, and to a
lesser extent, water yield, it is increasingly important to understand the potential tradeoffs
between these ecosystem services. Quantifying tradeoffs, and thus managiotifpde
ecosystem services, can dynamically change over time (Renard et al., 2015), and additionally
differ at the spatial scope of analysis (Liu et al., 2023; McNulty et al., 2018) and availability of
data. As such, differing spatial scales can exaterthe degree of this tradeoff. For example,

Liu et al. (2023) found that the relationship between carbon sequestration and water yield
differed depending on the spatial scale, where finen{B@ata revealettadeoffswhile coarser
(10-km) data depicted synergies. This scale dependency can be a determinant of tradeoffs
present, where localized studies are only applicable under certain conditions (Acharya et al.,
2017; Isaacson et al., 2022; Isaacson et al., 2023)egimhal studies cannot be tied ditgc



back to sitespecific management regimes (Sun et al., 2005; Ajaz Ahmed et al., 2017). Thus,
assessing tradeoffs across scales broadens the utility of these analyses, and can reveal how
different data sources can influence the detection of these tradgiiffisitely enhancing support
for both sitespecific decisions and regiorstale planning.

1.1 Objectives

In this work, we quantify annual pixédvel rates of forest productivity (NPP) and water
yield (WY) at fine (36m) and coarse (25M) spatial resolutions across the state of Virginia.
Specifically, our two primary objectives are:

1. Quantify rates of forest NPP and WY at fine{8) and coarse (250) spatial
resolutions.

2. Assess relationships between these rates, and how relationships may differ by
physiographic region and/or cover type.

2. Methods

2.1 Delineation of Study Areas

We determined annual rates of NPP and WY for forested areas at fine €t coarse
(250) spatial resolutions. We identified forested areas using the-Regtlution Land
Characteristics Consortium (MRLC) annual National Land Cover Database (NLC)far 2
2020, allowing for the detection of shaerm dynamics in recent NPP and WY rates. To ensure
stable forest cover, we included only pixels classified as forest for all six years, representing
three broad land cover types: deciduous, evergreen, and forest (Figure 1). According to
MRLC definitions, these areas consist of trees taller than 5m with at least 75% tree canopy
cover. As the NLCD data product is available annually an3patial resolution, we applied a
nearest neighbor interpolation appch to convert 3én NLCD data into a 25@n forest mask
layer using the terra package in R (Hijmans et al., 2025). FThé&akest neighbor approach
employs a weighted mode method to impute target pixels from refgretate ands widely
used in land cover aggregation due to its precision, accuracy, and processing speed (Haapanen et
al., 2004; McRoberts et al., 2002). To reduce classificaimrswhen aggregating NLCD data,

30-m pixels that did not align within a 258 grid were omitted, and the dominant forest type
was classified as the maximuweighted average of cover types present within a@%@dndow.

We grouped forested patches based on Virgi
Appalachian Plateau, Valley and Ridge, Blue Ridge, Piedmont, and Coastal Plain (Figure 1).
These physiographic regions provide insight into the underlying structures thataeffoeest
ecosystem composition (Mill&t al., 199% These provinces fall within three ecoregions, which
broadly describe the hydrologic conditions that drive forest productivity. The Appalachian



Plateaus, Valley and Ridge, and Blue Ridge regions fall within the Central Appalachian
Broadleaf Forest Coniferous Forest Meadow ecoregion (Bailey, 1995), characterized by high
elevations and low ET due to cooler temperatures. The Piedmont falls thighBouthern Mixed
Forest ecoregion, which has lower elevations and a moderate runoff ra60%@0The Coastal
Plain belongs to the Outer Coastal Plain Mixed Forest ecoregion, consisting of poorly drained
flatlands, high annual ET, and warm tempera&un et al., 2004). We obtained polygon
coverage of each physiographic region through the Virginia Geographic Information Network
(VGIN), originally from Fennemands (1946)

phy
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Figure 1: Sample selection of forested areas in Virginia, using NLCD forest land cover, shown at

30-m (top) and 256n scales (bottom). Pixels included were classified as forest cover for all
years of study and are categorized by dominant forest coveadypgs the study period.
Aggregated NLCD forest land cover (2B0resolution; bottom map) was derived using a nearest

nei ghbor resampling approach.

regions (west to east: Appalachian Plateau, Valley Ridge, Blue Ridge, Piedmont, and

Coastal Plain) in the context of surrounding states.
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2.2 Quantification of Net Primary Productivity Rates

To estimate aboveground forest NPP, we used the MOD17 algorithm appliedito 30
Landsat and 25th MODIS imagery. The MOD17 NPP data product provides measurements at
both 30m resolution (available for 1988020) and 250n (available for 20012019).

Establshed by the Moderate Resolution Imaging Spectroradiometer (MODIS) team, this
algorithm continues to be used in ecological contexts for monitoring terrestrial carbon fluxes
(Haberl et al., 2007; Running, 2012). Although originally parameterized for MOCd§aryg at
250-meter resolution, Robinson et al (2018parameterized it for finescale 3@meter Landsat
imagery (including Landsat 5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper
(ETM), and Landsat 8 OLI products) (Robinson et al., 2018). ¥ both products to assess
NPP (and tradeoffs with WY) at the two spatial scales and to explore potential differences in
their NPP estimation (Robinson et al., 2018; Zhao et al., 2005). The MOD17 algorithm estimates
NPP based on the Monteith (1972) equatwhich uses remotely sensed data to determine the
fraction of incident photosynthetically active radiation (fPAR) absorbed by the plant canopy.
This process combines remotely sensed vegetation data (e.g., fPAR, LAI) with a light use
efficiency approacland incident shortwave radiation, and is further constrained by
meteorological inputs, flux tower estimates, and bi@mpecific parameterization properties.

We acquired Landsaterived MOD17 NPP data from Google Earth Engine for P015
2020 to analyze annual variability. We also obtained MO@d8ved MOD17 NPP (25f) for
2015 2019, as 2019 is the most recent data release year for the MODIS product. Both datasets
were refined using NLCD and aggregated NLCD forest cover as a mask. Pixels with a value of
606 wer e c l-datawlues and emaoaesl acnossraltyea

2.3 Quantification of Water Yield Rates

Water yield (WY), defined as the difference between precipitation and evapotranspiration
(ET), was estimated at a-80 resolution across Virginia for 200%020. ET was derived using
the Mapping Evapotranspiration with Internalized Calibration (METRIC)ehagplied to
Landsat 7 and Landsat 8 Operational Land Imager (OLI) imagery (Allen et al., 2007; Allen et al.,
2015). Precipitation data was acquired from the Pararetgeation Relationships on
Independent Slopes Model (PRISM) dataset.

The METRIC model calculates ET from satellite imagery as a residual of the surface
energy balance (Allen et al., 2007). METRIC employs a Surface Energy Balance Algorithm for
Land (SEBAL) to model neasurface temperature gradient from satellite data ratlaerin situ
measurements (Bastiaanssen et al., 2005). METRIC model ET is highly applicable in water



budgeting applications as the daily root mean squared error is 0.83 millimeters for daily ET
estimates and 112.12 millimeters for annual ET estimates (Allen et al., 2007).

METRIC-derived ET for the study area was obtained using 13 Landsat scenes from the
Earth Engine Evapotranspiration Flux (EEFLUX) tool via Google Earth Engine (Allen et al.,
2015) and were downloaded from 26A@20. Though the METRIC algorithm incorporages
cloud-mask for scenes with cloud cover, only scenes with less than thirty percent cloud cover
were considered for increased accuracy of ET assessment.

As Metric-derived ET data are only available every 16 days and only accurate foiffrdeud
days, interpolation was needed to provide a full daily time series and resulting annual rates.
Reference ET (ETr) was accessed from gridMET and derived from deigonological data.

The ETr product is defined as the potential atmospheric demand for ET from a reference well
watered grass surface, using the Penivianteith method (Abatzoglou, 2011; Allen et al.,

1998). ETr was downloaded and extracted at the saneepmods as ET data. ETr was

aggregated by year at sk#h (1/24" degree) spatial resolution and resampled to match ET
resolution (36m) using theerra package in R (Abatzoglou, 2011; Hijmans et al., 2025). Ratios
of daily ET:ETr per pixel were generated using thgterandncdf4packages in R (Hijmans et

al., 2025; Pierce, 2023). Interpolated time series of ET:ETr were established for each pixel, and,
along with daily ETr, used to complete a full ET time series and annual ratesnate3dlution

for 20157 2020 (Figure 3).

The final step in the annual estimation of WY involved accessing PRISM precipitation data.
Annual mean precipitation was downloaded from PRISM for 202620. PRISM contains
annual gridded meteorological data for the United Stateskat gpatial resolutin (Daly et al.,
2007). Precipitation data was resampled to fit then3@solution of estimated ET, and ET was
subtracted from precipitation to produce WY estimates. Once estimated WY was established,
WY data was masked out by the NLCD {80) and aggregati NLCD @50-m) forest cover
delineation to provide annual WY (mm/year) at two spatial scales. Aggregated NLCD data was
used to resample 3@ WY data using a resampling function from tega R library (Hijmans et
al., 2025). 3em WY values were averaged withir2&0-m grid, following masking by
aggregated NLCD land cover, to avoid data losses and establish continuous WY values at a
larger spatial resolution (Hijmans et al., 2025).

2.4 Relationships between Annual NPP and WY

We reprojected all years of data to the North American Datum (NAD) 83 Virginia
Lambert Conic to ensure area accuracy. Usingdtra package in R, we randomly selected
pixels and analyzed all associated annual NPP and WY rates for each sampled pixel (Table 2).
Given the size of curated data, we focused our results on quantifying the generalized tradeoffs
and how these relationships mayange amongst regions and forest cover types. To do so,
outliers were removed using an interquartile range (IQR) renmogtiiod, where cells with
annual rates beyond the 25th and 75th percentiles were removed (Knott et al., 2023).



Table 1: Number and percentage of randomly sampled pixels by physiographic region and
NLCD forest cover type. Pixels were sampled across the state and stratified by region and forest
type. Percentages represent the proportion of each forest cover tyjpethgttotal sample for

each region.

Remote Sensing

Platform and Total Sample

Physiographic Region  Number Deciduous Evergreen Mixed
Landsat (30m)

Appalachian Plateaus 7,582 7,032 (92.75% 10 (0.13% 540 (7.12%
Valley and Ridge 59,750 47,938 (80.23% 1136 (1.90% 10,676 (17.87%
Blue Ridge 23,879 17,906 (74.99% 540 (2.26% 5,433 (22.75
Piedmont 63,543 31,521(49.63% 13409 (21.10% 18,613 (29.29%
Coastal Plain 17,473 2,105 (12.05% 7253 (41.51% 8,115 (46.44%
MODIS (250-m)

Appalachian Plateaus 9,935 9,299 (93.59% 13 (0.13% 623 (6.27%
Valley and Ridge 65,599 53,866 (82.10% 760 (1.16% 10,973 (16.73%
Blue Ridge 22,527 17,717 (78.63% 355 (1.58% 4,455 (19.78
Piedmont 36,117 21,473 (59.43% 5268 (14.59% 9,376 (25.97%
Coastal Plain 5,635 1,423 (25.25% 1260 (22.36% 2,952 (52.39%

We assessed relationships between annual rates at both spatial resolutionge(80s
250-m) and for all samples, by physiographic region, and by cover type. Because NPP and WY
distributions did not meet criteria for normality, we used a nonparameegr®an rank
correlation coefficient analysis (Spear manods
tradeoff, between annual NPP and annual WY rates. Given the high number of samples, we also
applied a kernel density estimation (KDE) approach to bedealize data densities when
assessing relationships. This method provides a probability density estimatdsdovations
by weighingthe number of observations and generating silhouettes of their distributions.

2.5 Relationships between @NPP versus @WY

To investigate the temporal dynamics between NPP and WY for a given forested stand,

we quantified the annual change in NPP and WY
and o@WY. Specifically, we <cal cul atiedu st hyee ad io6fsf
NPP (NPP- NPR.1) and WY (WY;-WYw1) f or each analyzed pixel . E
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WY rates, this appr oa c-ermachahgesnreNPP nfeientcedWY¥a s s e s s
As done for annual rates, we conducted assessed relationships at both spatial scales and for all
samples, by region, and for different forest types (see 2.4 foongetletails). We also

calculated and mapped cumulative change for each pixel by summing the difference of annual
rates of NPP and WY between consecutive years
derived as the sum of annual differences relative to #naqurs year.

3. Results

3.1 Annual Rates of NPP and WY

MODIS (250m) continuously shows higher NPP when compared to thra B&ndsat
NPP estimates (Figures 2 and 3). For both data sources, annual NPP is the highest in the
mountains (i.e., Appalachian Plateaus, Valley and Ridge and Blue Ridge physiograipiis)reg
(Figure 3). NPP in the Piedmont and Coastal Plain has a lower median NPP under both data
sources. Landsaterived NPP has the greatest range of NPP (i.e., lowest minimum and highest
maximum, and greatest interquartile range) when compared to aji@rgeAdditionally,
MODIS-derived NPP in the Piedmont and Coastal Plain regions have mortathightliers, yet
lower maximums when compared to other regions.
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Landsat-derived 30-m NPP(gC/m?/year)

80 to 830
830 to 890

890 to 940
940 to 1,630

MODIS-derived 250-m NPP (gC/m?/year)

200 to 1,030
1,030 to 1,080

1,080 to 1,130
1,130 to 2,480

Figure 2: Landsat (3f; top) and MODIS (250n; bottom) NPP (g C/ m? /year) masked by
NLCD forest cover. NPP values are shown in quantile breaks. Boundaries depict the
physiographic regions of Virginia (west to east): Appalachian Plateau, Valley and Bidge,
Ridge, Piedmont, and Coastal Plain.
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Figure 3: Net Primary Productivity @ m?/year) from Landsat (3®, black) and MODIS (250

m, grey) by physiographic region. Boxes display median and the interquartile range. Whiskers
display minimum and maximum values, and outliers are displayed as points beyond minimum
and maximum values.

AnnualNPP estimatewere additionally grouped by forest cover type, or the dominant
cover type reported in the study timeframe (Figure 1). MODIS annual NPP reports similar rates
amongst all cover types (Figure 4). Landsat NPP shows more distinctive differences in median
annwal NPP between cover types, where evergreen forests have the lowest median annual NPP
and mixed forests have the highest median annual NPP. The range of annual NPP values is
higher amongst all cover types with Landsat NPP than MODIS NEW®IS median annual
NPP is consistently around 1,10@¢m/year amongst all cover types, while Landsat median
annual NPP ranges from 80@¢m2/year (evergreen) to 95033m2/year (mixed) annually.
Additionally, deciduous and mixed Landsat annual NPP haore lowertail outliers.
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Figure 4: Net Primary Productivity @ m?/year) from Landsat (3@, black) and MODIS (250

m, grey) by forest cover type. Boxes display median and the interquartile range. Whiskers
display minimum and maximum values, and outliers are displayed as points beyond minimum
and maximum values.

WY rates (Figures 5 and 6) show higher median WY and larger variation for firer)(30
estimates than coarser (261) estimates. Finer (3®) WY estimates showed higher regional
maximums when compared to coarser annual WY estimates (Figure 6). Fdatzofources,
median WY is highest in the Blue Ridge region and the southwestern portions of the Piedmont
and Appalachian Plateaus region. Median WY is lowest in the eastern Valley and Ridge region.
Finer resolution WY estimates have more Higth outliers in the Appalachian Plateaus and
Valley and Ridge regions. Coarser resolution WY has more frequent fiagheutliers in the
Blue Ridge, Piedmont and Coastal Plain regions. Overall, there were more outliers in annual WY
estimates for 250n data than 3on data.
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30-m WY (mm/year)

Figure 5: Water yield (3@n; top) and resampled median annual water yield-(@5Bottom)
masked by NLCD forest cover. WY is represented in mm/year. WY is shown with a gradient
ranging from G 1,200 mm/year. Boundaries depict the physiographic regiovisgihia (west

to east): Appalachian Plateaus, Valley and Ridge, Blue Ridge, Piedmont, and Coastal Plain.
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Figure 6: Water Yield (mm/year) at fine (30 m, black) and coarse resol@bom{, grey) by
physiographic region. Boxes display median and the interquartile range. Whiskers display
minimum and maximum values, and outliers are displayed as points beyond minimum and
maximum values.

WY estimates show generally similar median annual WY across all cover types (Figure
7). Finer (36m) WY samples have a wider interquartile range than coarsemng2s@mples.
Annual WY rates for deciduous forests show more frequent high outliers, whitgesme and
mixed forests have higher maximum annual WY (~ 1,200 mm/year) for finer resolution samples.
Coarser WY samples show outliers amongst all three cover types, with the highest annual
maximum WY occurring in deciduous forests, followed by mixedearatgreen forests.
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Figure 7: Water Yield (mm/year) at fine (30 m, black) and coarse resol@som{, grey) by

forest cover type. Boxes display median and the interquartile range. Whiskers display minimum
and maximum values, and outliers are displayed as points beyond minimum and maximum
values.

3.2 Relationships between WY and NPP

There is a weak positive c aerived NRPtversnusn (|}
WY estimates (Figure 8). Conversely, MOEd8rived NPP versus WY estimates show a weak
negati ve c e0r086g(Figute B)oQiven(the number of observations (8:2277 of
Landsat data and n=139,813 of MODIS data), both relationships are statistically significant (p <
0.05).
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Figure 8: Bivariate relationship between WY (mm/year) and NPP (gC/m?/year) derived from
Landsat (36m; left) and MODIS (254m; right). Observations are shown with correlation
coefficient ( s-pauabyspataldesolution.@ yed dashdd limmicates the
linear trend between annual WY and annual NPP rates.

For Landsaderived data, regional analysis of the relationship between NPP versus WY
shows weak positive correlations across all physiographic regions except the Valley and Ridge
r egi o0-0.052)(Figure 9A). KDE plots for annual Landsat NPP versus WY show the
bivariate density distribution, highlighting areas where observations are most concentrated
(Figure 9B). In the Appalachian Plateaus, Valley and Ridge, Blue Ridge, and Piedmont regions,

KDE contours show clusters centered around annual NPP values of approximaitédlypo0@d
C/m2/year. In contrast, the Coastal Plain exhibits a more diffuse distribution, with sparse
clustering and no distinct area of observation density.

For MODIS-derived data, regional correlations between NPP versus WY are negative
across all physiographic regions except the B
strongest negative corr el at i-0dli). KbBbptots fonaendal i n t h
MODIS NPP versus WY (Figure 10B) display more diffuse clustering patterns compared to
Landsatderived KDEs (Figure 9B), particularly in the Appalachian Plateaus, Piedmont, and
Coastal Plain regions, suggesting a broader spread in gngalbévdistribution of MODIS NPP
versus WY values.
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Figure 9: (A) Bivariate plots of annual Landskgrived NPP versus WY for each physiographic
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for each region. (B) Twalimensional KDE contours showing thevdiiate distribution of annual
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For Landsaderived annual NPP versus WY, deciduous and mixed forest cover types
show weak positive correlations ()} = 0.018 fo
negati ve c e0r0i9(Figute Lld\ ) KDE plots{Figure 11B) between anhaaldsat
derived NPP versus WY show annual NPP observations generally centered aroundClia@0 g
KDE plots for evergreen annual NPP versus WY show more dispersed clusters of data, where the
highest density of annual NPP values are centered aroundGl@@®/year.

Conversely, MODISlerived NPP versus WY show negative correlations across all cover
types, ranf@i adg f{evomr-@08k(eenidguous)@igyre 12A). KDE plots
(Figure 12B) show clusters of data centered around annual NPP rates of C/b@ygar, with
WY rates ranging frori200 mm/year to 900 mm/year.
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Spearman correlation coefficients (}J) betw
for both Landsatlerived and MODISlerived NPP across physiographic regions and forest
cover types (Table 2). Landsa¢rived annual NPP showed weak but more frequenstitatly
significant correlations with annual WY compared to MOldSived NPP, particularly in
deciduous and mixed forest types. For example, in the Valley and Ridge and Piedmont regions,
deciduous cover exhibited weak negative yet significant corretatiow i t h -00B03{and =
} = 0.0729*, respectively). Similarly, signif
forests in several regions (e.g., Bl ue Ridge:
In contrast, MODIS&derived NPP generally showed fewer significant correlations, but
correlations are stronger and more negative, particularly in evergreen and mixed forests. In the
Piedmont region, evergreen forests exhibited a relatively strong negativece | at i on wi t h
=-0.3361*), while mixed forests in the same re
=-0.1879%). This trend was consistent in the Coastal P&gion where all cover types showed
significant negative correlations with Whgr MODIS-derived NPP.
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Table 2: Correl ati on-defiegpapraal NPP vaissis WYramd)MOBI$S L an d
derived annual NPP versus WY grouped by physiographic region and forest cover type.
Asterisks denote statistically significant correlations among subgrovwzsue <005).

Region Cover Type Spear man |

Landsat MODIS

Appalachian Plateaus Deciduous 0.0720* -0.0047
Evergreen -0.1423 -0.0005

Mixed -0.0104 -0.0099

Valley and Ridge Deciduous -0.0503* -0.1276*
Evergreen -0.1122* -0.0650*

Mixed 0.0307* -0.0413*

Blue Ridge Deciduous 0.1081* 0.0954*
Evergreen -0.009 -0.0042

Mixed 0.0307* -0.0413*

Piedmont Deciduous 0.0729* -0.1254*
Evergreen -0.0501* -0.3361*

Mixed 0.0452* -0.1879*

Coastal Plain Deciduous 0.0224* -0.2110*
Evergreen 0.0186* -0.1691*

Mixed 0.0272* -0.1125*

3.3 &NPP and aWY

We calcul ated the difference in each annua
for each pixel to compare pixel level changes in rates across the landscape (Figures 13 & 14).
®®NPP generally shows decreasing NPP across mo
prominently under Landsat NPP (Figure 13). Ad
1684t028gC/ m] ) i n the Piedmont region, whereas L:
(42tol, 764/ m] ). Negative @WY rates are most pr omi

northwestern Valley and Ridge, and northern Blue Ridge regions (Figure 14). Additionally,
negative @WY rates are pr es e n higheshinthetsaithare nt r al
and eastern portions of the state, depicting increasing WY for the Coastal Plain and much of the
Piedmont region over time.
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Landsat-derived 30-m ANPP (gC/m?/year)

B -1,680 to -30
-30 to 20
20 to 60

B 60 to 1,760

MODIS-derived 250-m ANPP (gC/m?/year)

B -1,680 to -30
-30 to 20
20 to 60

B 60 to 1,760

Figure 13: Landsat (3M; top) and MODIS (256n; bott om) @NPP (g C/ mj
NLCD forest cover. oNPP values are shown in (
physiographic regions of Virginia (west to east): Appalachian Plateau, Valley age, Bide

Ridge, Piedmont, and Coastal Plain.
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Figure 14: Fine (30n; top) and coarse (250 ; bottom) resolution WY (.
values are shown in quantile breaks. Boundaries depict the physiographic regions of Virginia
(west to east): Appalachian Plateau, Valley and Ridge, Blue Ridge, #hédmnd Coastal Plain.
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34Rel ati onships between @NPP versus @WY

Bivariate relationships between @NPP versu
resolutions (Landsat30-m, MODIS- 250-m) (Figure 15). Both resolutions show statistically
significant negative correlations. Rstdallgti onsh
significant -0f.035 )L aanndds @aMbpdgrretatierisy Regional analysis
LandsatpNPP ver sus @WY show statistically signifi
physiographic regions under both data sources (Figures 16 arldQD)S-derived data show
stronger correlations bet we-8.57tcg0MD thanlLandsatus WY
derived data. Both MODIS and Landshkdrived observations show the greatest negative
correlation bet ween @NP RidgeamdBluesRidge\kegions.n t he Va
Landsatd er i ved oNPP shows a wider range in @NPP v
than MODISd er i ved o®NPP i n the Piedmont and Coast al
and 17B) show tighuserp@Wuenhdes bot pPN®®t aesour
Appalachian Plateaus, Valley and Ridge, and Blue Ridge regions, signifying higher rates of
®oNPP generally coupled with | ower rates of oW
di spersed cl ust e risthed’iedmepidandCoastalrPRio iegiogsWyY
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Figure 15: Bivari ate CQl/erm]al/ty ears)h i gon do edpWHe e(nm maNyPe
from Landsat (3dn; left) and MODIS (250m; right). Observations are shown with correlation
coefficient ( s-pauabyspataldesolution.@ yed dashdd lipe indicates the
l' i near relati®nahdpabetwkepWP NP at es.
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Figure 16: (A) Bivariate plots of Landsat o@NP
correlation coef f i c-vameforeacrsregora (BnTadintessionaliKbg and
contours showing the bivariat@ewWd, semphadsi oinng
concentrated observations by physiographic region.
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