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Abstract
Accurate descriptions of current ecosystem composition are essential for improving 
terrestrial biosphere model predictions of how ecosystems are responding to climate 
variability and change. This study investigates how imaging spectrometry- derived 
ecosystem composition can constrain and improve terrestrial biosphere model pre-
dictions of regional- scale carbon, water and energy fluxes. Incorporating imaging 
spectrometry- derived composition of five plant functional types (Grasses/Shrubs, 
Oaks/Western Hardwoods, Western Pines, Fir/Cedar and High- elevation Pines) into 
the Ecosystem Demography (ED2) terrestrial biosphere model improves predictions 
of net ecosystem productivity (NEP) and gross primary productivity (GPP) across four 
flux towers of the Southern Sierra Critical Zone Observatory (SSCZO) spanning a 
2250 m elevational gradient in the western Sierra Nevada. NEP and GPP root- mean- 
square- errors were reduced by 23%– 82% and 19%– 89%, respectively, and water flux 
predictions improved at the mid- elevation pine (Soaproot), fir/cedar (P301) and high- 
elevation pine (Shorthair) flux tower sites, but not at the oak savanna (San Joaquin 
Experimental Range [SJER]) site. These improvements in carbon and water predic-
tions are similar to those achieved with model initializations using ground- based in-
ventory composition. The imaging spectrometry- constrained ED2 model was then 
used to predict carbon, water and energy fluxes and above- ground biomass (AGB) 
dynamics over a 737 km2 region to gain insight into the regional ecosystem impacts of 
the 2012– 2015 Californian drought. The analysis indicates that the drought reduced 
regional NEP, GPP and transpiration by 83%, 40% and 33%, respectively, with the 
largest reductions occurring in the functionally diverse, high basal area mid- elevation 
forests. This was accompanied by a 54% decline in AGB growth in 2012, followed by 
a marked increase (823%) in AGB mortality in 2014, reflecting an approximately 10- 
fold increase in per capita tree mortality from ~55 trees km−2 year−1 in 2010– 2011, to 
~535 trees km−2 year−1 in 2014. These findings illustrate how imaging spectrometry 
estimates of ecosystem composition can constrain and improve terrestrial biosphere 
model predictions of regional carbon, water, and energy fluxes, and biomass dynamics.
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1  |  INTRODUC TION

The response of terrestrial ecosystem dynamics and resulting car-
bon stocks and fluxes to climate variability and change are one of the 
largest uncertainties in the Earth's current and future carbon bud-
get (Fisher et al., 2014; Kolus et al., 2019). Due to feedbacks onto 
atmospheric CO2 concentrations, these uncertainties regarding the 
fate of terrestrial ecosystems are the second largest source of un-
certainty for the amount of climate predicted in future climate pro-
jections (Bodman et al., 2013; Friedlingstein et al., 2014). Reducing 
these uncertainties hinges on more accurate predictions for the cur-
rent and future state of terrestrial ecosystems at large scales and 
improving predictions of ecosystem changes in response to climate 
change (Ahlström et al., 2012; Friedlingstein et al., 2006; Huntzinger 
et al., 2012; Michalak et al., 2011).

Californian ecosystems are at threat from climatic changes in-
cluding prolonged droughts, which are expected to increase (Cook 
et al., 2015; Swain et al., 2018). Drought events can impact vegeta-
tion ecosystems across large spatial scales that are topographically 
and climatologically diverse (Allen et al., 2010). From 2012 to 2015, 
California experienced a one in 1000- year drought (Robeson, 2015) 
leaving the state with a rain debt of around 500 mm equal to a year's 
rainfall (Cole & Gray, 2015). Multi- year water stress, elevated tem-
peratures and associated insect outbreaks resulted in high canopy 
water loss and widespread forest mortality (Asner et al., 2016; USFS, 
2015; Young et al., 2017). Ecosystems covering the southern Sierra 
Nevada mountains experienced some of the highest rates of water 
loss and mortality in the region (Asner et al., 2016; Young et al., 
2017). Spanning large elevational gradients, these ecosystems en-
compass oak savannas, mid- elevation mixed pines, fir and cedar for-
ests and high- elevation pines. Effects of the Californian drought on 
vegetated ecosystems have mainly been determined using empirical 
and remote sensing approaches (Asner et al., 2016; Goulden & Bales, 
2019; Paz- Kagan et al., 2017; Restaino et al., 2019; Young et al., 
2017). However, we have limited understanding of the drought's im-
pact on regional scale carbon, water, and energy fluxes, and biomass 
dynamics across the region's diverse set of vegetation communities.

The key to improving our understanding of current and future 
terrestrial carbon, water and energy dynamics is by identification 
and reduction of three distinct sources of error in terrestrial bio-
sphere model simulations: (i) forcing error, arising from inaccuracies 
in the meteorological variables used to drive model simulations, 
(ii) parameterization error, arising from inaccuracies in current pa-
rameter values and (iii) initialization error, arising from errors in the 
description of the current ecosystem state at the beginning of a 
simulation. Accurate knowledge of the initial or current ecosystem 
state is crucial when making predictions on timescales ranging from 
annual to multi- decadal timescales. The traditional approach to con-
ducting terrestrial biosphere model simulations has been to develop 
a potential vegetation (PV) initial condition, produced via a long- term 
simulation that begins from a near- bare- ground ecosystem state and 
force the model with historical meteorology until it reaches near- 
equilibrium conditions (Heimann et al., 1998; Schaefer et al., 2012; 

Schwalm et al., 2010). This approach is problematic, however, be-
cause the resulting estimated ecosystem state is unlikely to reflect 
current ecosystem state due to the following: (i) errors in the model 
formulation and parameters, and (ii) errors and uncertainty in the 
historical climate forcing and the natural and anthropogenic distur-
bances experienced by the ecosystem in the past. One alternative is 
to initialize models with information on current ecosystem compo-
sition and structure obtained from ground- based inventories of the 
plant canopies within small sample plots (e.g. Medvigy et al., 2009; 
Xu et al., 2016); however, this approach has limited applicability at 
regional scales (though see Medvigy & Moorcroft, 2012).

Remote sensing technologies are a promising source of regional- 
scale, spatially consistent current ecosystem composition and struc-
ture needed to initialize terrestrial biosphere model simulations 
(Schimel et al., 2013). With respect to ecosystem structure, research 
over the past two decades have shown that lidar and radar instru-
ments can provide spatially extensive information on forest canopy 
height (Dubayah & Drake, 2000; Lefsky et al., 2005), aboveground 
biomass (Baccini et al., 2012; Saatchi et al., 2007, 2011) and sub- pixel 
tree density (Antonarakis et al., 2014).

Regarding regional ecosystem composition, over the past de-
cades, a variety of global and regional estimates of ecosystem 
composition have been produced from multi- spectral satellite im-
agery, including the following: the 500 m MODIS Land Cover Type 
1: International Geosphere- Biosphere Program 'Programme' (Friedl 
et al., 2010), the 30 m National Land Cover Dataset (NLCD; Homer 
et al., 2015), the 300 m GlobCover 2009 (Bontemps et al., 2011) 
and the Global Land Cover- SHARE product (Latham et al., 2014). 
Many of these products have been created as the basis for defin-
ing plant functional types (PFTs) and specifying their spatial distri-
bution within land surface models (Poulter et al., 2015; Sterling & 
Ducharne, 2008). Two recent studies assessing the impacts of land 
cover type definitions on ecosystem model predictions found that: 
(i) incorrect assignment of land cover classes to PFTs, (ii) difficulties 
in differentiating some vegetation types and (iii) inaccuracies arising 
from the coarse resolutions of land cover products, were large con-
tributing factors to increased carbon flux uncertainties (Jung et al., 
2007; Quaife et al., 2008). Notably, the information offered by cur-
rent satellite- based products do not adequately resolve important 
fine- scale heterogeneity in ecosystem composition that is necessary 
for reducing the error in terrestrial biosphere model simulations.

Forthcoming global- scale imaging spectrometry measurements, 
which measure surface reflectance in tens to hundreds of contigu-
ous spectral bands, promise to move terrestrial ecosystem monitor-
ing beyond land cover change mapping by providing more resolved 
information on ecosystem composition (Cawse- Nicholson et al., 
2021; Jetz et al., 2012). Imaging spectrometry has the potential of 
bridging the knowledge gap between coarser land cover types and 
plant functional diversity, linking functional distributions with cli-
mate and environmental change (Jetz et al., 2012). Thus far, work on 
determining ecosystem composition using imaging spectrometry has 
primarily relied on airborne platforms, such as the Airborne Visible/
Infrared Imaging Spectrometer (AVIRIS), the Compact Airborne 
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Spectrographic Imager (CASI), the Hyperspectral Mapper (HyMap), 
the Carnegie Airborne Observatory (CAO), and the Hyperspectral 
Digital Imagery Collection Experiment (HYDICE). In addition, mea-
surements from the spatially intermittent EO1- Hyperion technology 
demonstrated instrument have also been used (Goodenough et al., 
2003; Kozhoridze et al., 2016; Somers & Asner, 2013). The CAO im-
aging spectrometer was flown over California recently to estimate 
forest canopy water loss during the 2012– 2015 drought (Asner et al., 
2016). Imaging spectrometry- based classifications have been used 
to identify plant species or PFTs in temperate (Kokaly et al., 2003; 
Lucas & Carter, 2008; Martin et al., 1998) and tropical ecosystems 
(Asner & Martin, 2009; Clark et al., 2005; Zhang et al., 2006), and 
have been shown to produce higher accuracies than multi- spectral 
sensors (Clark et al., 2005; Goodenough et al., 2003). Recently, 
Multiple Endmember Spectral Mixture Analysis (MESMA) has been 
successfully applied in plant species mapping (Dennison & Roberts, 
2003a; Roberts et al., 1997, 1998; Roth et al., 2015), with a focus 
on the heterogeneous ecosystems of California ecosystems (e.g. 
Dennison & Roberts, 2003b; Roberts et al., 1998; Roth et al., 2012). 
Since 2013, AVIRIS has been flown over much of California, col-
lecting precursor datasets in advance of NASA's upcoming Surface 
Biology and Geology (SBG) satellite- based imaging spectrometer 
mission that will provide a high spatial resolution (30 m) and spectral 
range (380– 2500 nm and 3– 12 μm) data capable of providing global- 
scale information on vegetation composition (Cawse- Nicholson 
et al., 2021; Lee et al., 2015; NASEM, 2018).

The Ecosystem Demography model (ED2) is a terrestrial bio-
sphere model capable of simulating the carbon, water and energy 
fluxes of vertically stratified and horizontally heterogeneous plant 
canopies on timescales of decades to centuries (Longo et al. 2019; 
Medvigy et al., 2009; Moorcroft et al., 2001). Its ability to represent 
the fine variation in structure and composition of plant canopies, 
much of which occurs at the scales of meters— far below the res-
olution of climatological grid cells— makes it particularly amenable 
to incorporating information from remote sensing of plant canopies. 
Studies by Hurtt et al. (2004), Thomas et al. (2008) and Antonarakis 
et al. (2011) have shown how lidar measurements of canopy structure 
can be used to improve the model's predictions of carbon flux and 
dynamics. In a subsequent study, Antonarakis et al. (2014) showed 
how imaging spectrometry measurements could be used to estimate 
ecosystem composition at a mixed temperate forest site at Harvard 
Forest, Massachusetts. This estimate of canopy composition was 
then combined with a lidar- derived estimate of canopy structure to 
provide an estimate of above- ground ecosystem state. Incorporating 
this remote- sensing- derived estimate of above- ground ecosys-
tem state into the ED2 model significantly improved predictions 
of annual net carbon fluxes, reducing the root- mean squared error 
(RMSE) from 85% to 104% using PV simulation to 37%– 57%.

In this study, we investigate the ability of coarser resolution, 
but more spatially extensive, imaging spectrometry measurements 
to provide spatially- resolved estimates of PFT composition suitable 
for constraining terrestrial biosphere model predictions of carbon, 
water and energy fluxes. The analysis of Antonarakis et al. (2014) 

used on high- resolution (6 m) imaging spectrometry measurements 
to distinguish five PFTs (early-  and late- successional conifers, and 
early- , mid-  and late- successional hardwoods) in temperate forest 
region of ~4 km2. In this study, we use an AVIRIS- derived 18- m res-
olution spatially comprehensive estimate of ecosystem composition 
produced by Bogan et al. (2019) for a ~740 km2 region in California, 
using imaging spectrometry measurements collected as part of 
the NASA HyspIRI preparatory campaign (Hochberg et al., 2015). 
In contrast to the Antonarakis et al. (2014) analysis, which focused 
on within- landscape successional diversity, the variation in ecosys-
tem composition and structure analysed in this larger- scale analysis 
reflects regional- scale variation in composition linked to altitude- 
driven differences in climate and edaphic variation in soil depth and 
texture. The purpose of the NASA HyspIRI preparatory campaign 
is to provide multi- temporal imaging spectrometry data over large 
areas of California at a spatial resolution approximating the charac-
teristics of anticipated global imaging spectrometry missions, such 
as the SBG, EnMAP and HISUI (Guanter et al., 2015; Matsunaga 
et al., 2017; NASEM, 2018).

After evaluating the ability of the imaging- spectrometry- 
constrained model to predict carbon performance of the model at 
four flux tower sites, we use the imaging spectrometry- constrained 
terrestrial biosphere model to explore the impacts of the Californian 
drought between 2012 and 2015 on regional carbon, water, and 
energy fluxes, and biomass dynamics across the four principal eco-
systems found in the western slopes of the Sierra Nevada; oak savan-
nas, mid- elevation mixed pines, fir– cedar forests and high- elevation 
pines. This study provides a framework for assimilating near- future 
global satellite imagery estimates of ecosystem composition with 
terrestrial biosphere models, constraining and improving their pre-
dictions of large- scale ecosystem dynamics and functioning.

2  |  METHODOLOGY

2.1  |  Study area

The area of investigation is in the southern Sierra Nevada 
Mountains, northwest of Fresno, California (Figure 1), between 
elevations of 125 and 3175 meters above sea level. The regional 
transect is 737 km2, extending from oak savannas, through to 
mixed- conifer forests, transiting to high- elevation pines and juni-
pers. The region encompasses the Southern Sierra Critical Zone 
Observatory (SSCZO) transect that has been investigating ecosys-
tem responses to land- use change and climatic changes. There are 
four SSCZO flux- towers at different elevation gradients (Figure 1) 
measuring meteorology and carbon fluxes, with ground- based for-
est inventories collected in 2014 oriented along the dominant day-
time wind direction within a 200 m × 50 m (1 ha). Table 1 provides 
a summary of characteristics of the four SSCZO flux tower sites. 
The San Joaquin Experimental Range or SJER (Ameriflux Id US- 
CZ1; 37.10, −119.73) is the lowest elevation tower at 450 m, with 
a mean minimum and maximum temperature of 9.3ºC and 23.5ºC 
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and mean annual precipitation of 510 mm year−1. SJER is an oak 
savanna ecosystem containing blue oak (Quercus douglasii), interior 
live oak (Q. wislizeni), grey pine (Pinus sabiniana), California buckeye 
(Aesculus californica), and many species of naturalized and native 
annual grasses and forbs. The ground- based forest inventory at 
SJER has as basal area of 5.4 m2 ha−1 with 84.5% oak, and 15.5% 
grey pine. Soaproot Saddle (Ameriflux Id US- CZ2; 37.03, −119.25) 
is the second lowest elevation tower at 1160 m, with a mean mini-
mum and maximum temperature of 5.5ºC and 18ºC and mean an-
nual precipitation of 805 mm year−1. Soaproot is a mixed ponderosa 
pine (P. ponderosa) stand, with oak (Q. kelloggii and Q. chrysolepis) 
and incense cedar (Calocedrus decurrens) and some white fir (Abies 
concolor). The ground- based forest inventory at Soaproot has as 
basal area of 28.9 m2 ha−1 with 56.7% ponderosa, 11.1% oak, and 
32.2% cedar and fir. The Providence Creek or P301 (Ameriflux Id 
US- CZ3; 37.06, −119.19) tower is at 2015 m, with a mean minimum 

and maximum temperature of 2.7ºC and 14.8ºC and mean annual 
precipitation of 1015 mm year−1. P301 is a mix of white fir (A. con-
color), ponderosa pine (P. ponderosa), sugar pine (Pinus lamberti-
ana), Jeffrey pine (Pinus jeffreyi) and incense cedar (C. decurrens). 
The ground- based forest inventory at P301 has as basal area of 
32.5 m2 ha−1 with 82.8% fir/cedar, 3.4% oak, 10.2% sugar and pon-
derosa pine and 3.5% Jeffrey pine. Shorthair Creek (Ameriflux Id 
US- CZ4; 37.06, −118.98) is the highest elevation tower at 2700 m, 
with a mean minimum and maximum temperature of −1.9ºC and 
10.2ºC and mean annual precipitation of 1078 mm year−1. Shorthair 
is in the subalpine belt of the Sierra Nevada and is comprised mostly 
of lodgepole pine (P. contorta) and western white pine (P. monticola), 
with around 1% of the area occupied by red fir (Abies magnifica) and 
has a basal area of 43.3 m2 ha−1. Size class distributions at the four 
flux tower sites resulting from ground- based forest composition 
and structure are shown in Figure 2 (top row).

F I G U R E  1  (a) Study area box of 11 km by 67 km (737 km2) over a section of the central Sierra Nevada range in California with the four 
CZO flux towers identified. The transect shown is a false colour composite of AVIRIS imaging spectrometer data collected in November 
2013. Elevation ranges at each longitude are also shown. (b) Standardized precipitation index (SPI) averaged over 24 and 12 months 
from 2009 to 2015, near the western edge of the study area transect at Madera, California. AVIRIS, Airborne Visible/Infrared Imaging 
Spectrometer

TA B L E  1  Ecosystem characteristics of the SSCZO flux tower sites: San Joaquin Experimental Range (SJER), Soaproot Saddle, P301, and 
Shorthair Creek

SJER Soaproot P301 Shorthair

Ameriflux ID US- CZ1 US- CZ2 US- CZ3 US- CZ4

Coordinates 37.10, −119.73 37.03, −119.25 37.06, −119.19 37.06, −118.98

Elevation (m) 450 1160 2015 2700

Temperature range (℃) 9.3– 23.5 5.5– 18 2.7– 14.8 −1.9– 10.2

Mean precipitation (mm year−1) 510 805 1015 1078

Basal area (m2 ha−1) 5.4 28.9 32.5 43.3

Oak/WhW (%) 84.5 11.1 3.4 0

West Pine (%) 15.5 56.7 10.2 0

Fir/Cedar (%) 0 32.2 82.8 1.1

High Pine (%) 0 0 3.5 98.9
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2.2  |  ED2 terrestrial biosphere model

The ED2 model is an integrated terrestrial biosphere model cal-
culating the exchange of carbon, water and energy, incorporat-
ing hydrology, land- surface biophysics, vegetation dynamics and 
soil carbon and nitrogen biogeochemistry (Longo et al., 2019; 
Medvigy et al., 2009; Moorcroft et al., 2001). ED2 uses a set of 
size-  and age- structured partial differential equations that track 
the changes in abundance of plants of different sizes and PFTs 
arising from plant growth, mortality, recruitment and the impact 
of disturbances. ED2 is able to realistically represent the dynamics 
of spatially heterogeneous plant communities incorporating the 
effects of natural disturbance processes such as fire, and anthro-
pogenic disturbances such as forest harvesting or land clearing 
and climatic changes (e.g. Albani et al., 2006; Hurtt et al., 2004; 
Medvigy et al., 2009; Zhang et al., 2015).

In the ED2 model, a given simulation region is subdivided into a 
series of climatological grid cells that experience the same meteoro-
logical forcing, which is specified from meteorological observations, 
climate reanalysis datasets, or from the boundary conditions of an 
atmospheric model. Each climatological grid cell is subdivided into 
a number of horizontal tiles representing areas of forest that share 
a similar vegetation canopy structure and disturbance history. The 
state of the above ground ecosystem is described within each tile 
(ni (z, a)) by the density (n) of individual trees of different sizes (z), 

for a series of PFTs (i), and time (a) since last disturbance. The dif-
ferent PFTs differ in terms of their eco- physiological and morpho-
logical traits that result in different rates of growth and mortality 
and sensitivity to environmental conditions. The ecophysiology and 
allometric parameters of the five PFTs represented in this study are 
presented in Table 2. The description of the above- ground ecosys-
tem state embodied in the ED2 model allows for realistic projections 
of both the fast- timescale exchanges of carbon, water and energy 
between the land and the atmosphere, and long- term vegetation 
dynamics. Further details on the description of plant physiology, de-
composition and water stress in ED2 are given in Appendix 1.

2.3  |  Ecosystem composition derived from imaging 
spectrometry

Above- ground canopy composition in the ED2 model is represented 
by a series of PFTs that have different biophysical, physiological, 
morphological and ecological properties. In this study (see Table 2), 
the vegetation community was considered a mixture of five PFTs 
assigned as Oaks and Western Hardwoods (e.g. Q. douglasii, Q. wis-
lizeni, A. californica), Western Pines (e.g. P. sabiniana, P. ponderosa), 
Firs and Cedars (e.g. A. magnifica, A. concolor, C. decurrens), High- 
elevation Pines (sub- alpine species e.g. P. contorta, P. jeffreyi, P. mon-
ticola) and Grasses/Shrubs.

F I G U R E  2  Basal area (BA) size class distributions at the four flux tower sites (SJER, Soaproot, P301, Shorthair) showing the ground- 
inventory canopy composition estimate (top row) and the AVIRIS- derived composition estimates (bottom row). The ground- inventory BA 
composition of Oaks and Western Hardwoods (Oak/WHw), Western Pines (WPine), Firs and Cedars (Fir/Cedar) and High Pines (HPine) 
were 84.5/15.5/0/0% for SJER, 11.1/56.7/32.2/0% for Soaproot, 3.4/10.2/82.8/3.5% for P301, and 0/0/1.1/98.9% for Shorthair. The 
corresponding AVIRIS Imaging spectrometry- derived composition estimates were 79.7/20.3/0/0% for SJER, 9.3/51/39.7/0% for Soaproot, 
8.1/5.6/64.7/21.6% for P301, 0/0/18.3/81.7% for Shorthair. Note that the imaging spectrometry-derived fractional composition is applied 
uniformly across the size classes. AVIRIS, Airborne Visible/Infrared Imaging Spectrometer; SJER, San Joaquin Experimental Range
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The relative abundance of these PFTs was estimated using 
AVIRIS imaging spectrometry, described in detail in a recent paper 
(Bogan et al., 2019). The methodology is briefly summarized below. 
AVIRIS data with an 18 m spatial resolution, were flown over the 
SSCZO area over two dates, June 12 and November 5 2013. The 
AVIRIS data were received as surface reflectance from the Jet 
Propulsion Laboratory, and had undergone ortho- rectification, ra-
diometric and atmospheric correction (Thompson et al., 2015); how-
ever, a bidirectional reflection distribution function correction was 
not applied. Individual AVIRIS flight- lines were mosaicked, subset 
to the study area (Figure 1), and bands were reduced from 224 to 
167 removing streaky, inconsistently dark and inconsistently bright 
bands, yielding a data set covering three portions of the electromag-
netic spectrum: 443– 1342 nm, 1422– 1790 nm, and 2106– 2405 nm. 
These final bands from the two dates were stacked together re-
sulting in 334 bands. The relative abundance composition of the 
different PFTs was then determined from AVIRIS using Roberts 
et al.'s (1998) MESMA algorithm, which estimates the fractional 
abundances of the different vegetation types and/or land cover 
types within each 18 m pixel. Areas of the image that were urban, 
agriculture, barren, or water were masked out prior to the MESMA 
analysis. An end- member spectral library was generated by taking 
samples from the AVIRIS image for species associated with each 
PFT (see Table 2). The spectral libraries were created first by tak-
ing samples in areas where target species dominated using ground 
knowledge of where these dominant species were located, or aided 
by CALVEG (Classification and Assessment with Landsat of Visible 
Ecological Groupings; CALVEG, 2010) plant associations that had 
clear distinctions in PFTs (e.g. oaks and pines or pines, cedar, and 
fir), but not in associations that were highly mixed, such as mixed- 
conifer pine. The CALVEG data set is comprised of polygons (average 
size 0.026 km2) categorized into plant associations produced by the 
US Forest Service using a combination of Landsat, field verification 
and expert guidance. Each CALVEG plant association contains a list 
of plant species, but their relative abundances are not provided. 
Then, high- resolution (30 cm– 60 cm) satellite and aerial imagery 
from World Imagery in ArcGIS (sources: ESRI, DigitalGlobe, GeoEye, 
i- cubed, USDA FSA, USGS, AEX, Getmappint, Aerogrid, IGN, IGP, 
Swisstopo and the GIS User Community) was used to identify areas 
that were densely vegetated and contained high canopy cover of a 
target PFT, to diminish the influence of ground reflectance when 
creating the spectral libraries for the PFTs. In addition to vegetation 
signatures, a background class comprising rock and soil spectral sig-
natures were also collected in areas of bare soil and exposed rock in 
mountainous areas aided by high- resolution imagery. Overall, 199 
end- members were sampled over an area of 388,000 m2, averaging 
9– 26 end- members over 49,000 m2 per PFT.

In Bogan et al.'s (2019) MESMA classification that was used in 
this study, not all spectral end- members were used in each pixel: 
only PFTs indicated by the CALVEG association for a given pixel 
were included in the MEMSA calculation for the pixel. For example, 
for a pixel belonging to the Mixed Conifer- Fir CALVEG association, 
end- members for the Western Pine, Fir/Cedar and High- elevation 

Pine PFTs were evaluated, but not Western Hardwoods and 
Grasses/Shrub end- members. The resulting AVIRIS- based esti-
mates of ecosystem composition for all four Sierra Nevada CZO flux 
tower sites are shown in Figure 2 (bottom row) and are compared 
with ground- based composition (Figure 2 top row), with resulting er-
rors at the four flux towers of 3.5% for Oaks/Western Hardwoods, 
4.4% for Western Pine, 13% for Fir- Cedar, and 12.5% for High Pine. 
Independent evaluation of the sub- pixel canopy composition esti-
mates against 95 ground- inventory plots indicated a high level of 
accuracy in the composition estimates with average RMSEs of 11.3% 
(see Bogan et al., 2019 for further details).

2.4  |  Predictions of carbon, water and energy 
fluxes, and vegetation dynamics

The AVIRIS- based estimates of ecosystem composition were used 
to initialize a series of ED2 terrestrial biosphere model simulations 
at the four flux towers and for the 737 km2 region. Site- level simu-
lations were conducted for the periods 2010– 2014, 2009– 2014, 
2010– 2014 and 2010– 2011 at the SJER, Soaproot, P301, Shorthair 
tower sites, respectively. This variable simulation period was due to 
available observed meteorological forcing measuring air tempera-
ture, precipitation, relative humidity, wind, pressure and radiation 
at 30- min intervals. The site- level simulations were conducted using 
three different sources of information for the canopy composition 
and structure at the beginning of the simulation period (see initial 
condition descriptions in Section 2.5): (i) ecosystem structure and 
composition prescribed from the output of a conventional, long- 
term equilibrium PV simulation; (ii) ecosystem structure and compo-
sition prescribed from ground- based inventory measurements; and 
(iii) ecosystem composition prescribed from imaging spectrometry 
measurements but with structure prescribed from ground- based 
measurements.

Regional- level simulations were conducted for the period 2009– 
2014 for the 737 km2 region of the lower Sierra Nevada Mountains 
(Figure 1). The ecosystem composition at the beginning of the sim-
ulation period is based on imaging spectrometry composition esti-
mates, and the structure is based on spatially extrapolating US forest 
service's Forest Inventory and Analysis (FIA) plots. A flowchart de-
scribing the inputs, forcings and initial conditions needed to con-
duct ED2 simulations is shown in Figure 3. Regional meteorological 
forcing encompassing hourly over- canopy air temperature, down-
ward shortwave and longwave radiation, precipitation, specific hu-
midity, wind velocities and surface air pressure were obtained from 
the North American Land Data Assimilation Version 2 (NLDAS- 2) 
with a spatial resolution of 1/8° (Mitchell et al., 2004). Soil depth to 
bedrock and soil texture was obtained from the SSURGO database 
(NRCS, 2017). Leaf phenology for deciduous woodland (i.e. Oak/
West Hardwoods) was prescribed using MODIS (Zhang et al., 2003). 
This is based on fitting logistic functions to points of inflection con-
stituting dates for green- up, maturity, senescence and dormancy 
of leaves. Note that all forest types at a location were assumed to 
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1830  |    ANTONARAKIS eT Al.

experience the same climate forcing and all simulations have the 
same model parameterization. The observed and NLDAS meteoro-
logical monthly precipitation and mean temperature at each site is 
shown in Figure S1.

Site- level carbon, water, energy fluxes and regional- level car-
bon, water, energy fluxes and vegetation dynamics are predicted 
in this study, encompassing the majority of the Californian drought 
from 2012 to 2015. Details on ED2 model predictions of carbon, 
water, and energy fluxes are given in Appendix 1. Site- level carbon 
and water predictions of net ecosystem productivity (NEP), gross 
primary productivity (GPP), and evapotranspiration (ET) from the 
three site- level simulation types are compared against each other, 
and to observed patterns from each flux tower. At the regional- level, 
carbon fluxes are also quantified as NEP and GPP, water fluxes are 
quantified as evaporation and transpiration, and energy fluxes are 
quantified as canopy latent and sensible heat. Vegetation dynam-
ics are also predicted and quantified in this study as yearly above- 
ground- biomass growth and mortality.

2.5  |  Integrating ecosystem composition into the 
ED2 biosphere model

2.5.1  |  Site- level analysis

To initialize the ED2 model, cohort level tree size, density and PFT 
information specifying the sub- grid scale tiles spatial variation in 
canopy structure, is required. In the PV simulations this information 
is obtained by initializing the ED2 model with a near bare- ground 
condition and running the model for 300 years yielding an ecosys-
tem structure and composition that is in dynamic equilibrium with 
the climate- forcing data at each of the four SSCZO sites. The PV 
simulations resulted in basal areas of 29.6, 76.8, 68.0, 75.1 m2 ha−1 
for SJER, Soaproot, P301 and Shorthair, respectively, and consisted 
of 95%, 99%, 90%, 90% Fir- Cedars with the remainder Western 
Pines. Size class distributions of the PV runs at the four flux towers 
are provided in Figure S2.

The second site- level simulations were initialized from ground- 
based forest inventory measurements at each of the four SSCZO flux 
tower sites. These measurements come from a 1 ha forest inventory 
plot located in the tower footprint at each flux tower site. Each forest 
inventory plot is comprised of sixteen 25 m × 25 m sub- plots orga-
nized in a spatially contiguous 2- by- 8 array oriented along the dom-
inant daytime wind direction at each flux- tower site (Kelly, 2014). 
Following the approach of Medvigy et al. (2009) and Antonarakis 
et al. (2014), the flux- tower footprint was represented as a collection 
of 16 tiles corresponding to the 16 forest inventory sub- plots at each 
SSCZO site, with each tile containing trees of different size and stem 
densities and PFT composition, thereby representing the observed 
horizontal heterogeneity in canopy composition and structure. An 
initial understory grass layer within each existing tile or sub- plot at 
SJER was added with an leaf area index (LAI) of 1 m2 m−2 (Xu et al., 
2004); however, grasses reach an equilibrium with the climate forc-
ing within the first years of simulation. For all sites, each tree species 
was assigned a PFT following the classification shown in Table 2. 
Initial levels of soil carbon pools were prescribed as 2.55 kgC m−2 
for the upland forested sites (Southern Sierra CZO, 2012), and 
2.8 kgC m−2 for SJER (Schnabel et al., 2013). Soil depth and soil tex-
ture was obtained from the SSURGO database, with depths of 1.5 m 
for SJER and P301, and 2 m for Soaproot and Shorthair, and all sites 
dominated by sandy soils (between 67% and 78% sand for all sites).

The third site level simulations used ecosystem composition de-
rived from AVIRIS imaging spectrometry described in the previous 
Section 2.3. For these site level simulations, the remote- sensing 
derived estimate of ecosystem composition over the 1- ha forest in-
ventory plots located within the footprint of each tower site, was 
used to specify ecosystem composition. Following Antonarakis et al. 
(2014), the normalized abundances (q) of the four woody PFTs (i) 
were applied consistently across all tree sizes to obtain the initial 
tree density:

Here, the ground inventory tree density as a function of trunk 
diameter (nground(z)) in tile x is scaled by the PFT abundance (qi (x) ) 
derived from imaging spectrometry. Size class distributions from 
ground- based inventories, and from the composition adjustment are 
shown in Figure 2.

2.5.2  |  Regional- level analysis

The imaging spectrometry- derived estimate of regional ecosystem 
composition from Bogan et al. (2019) was subsequently used to 
prescribe the composition of the above- ground ecosystem across 
the 737 km2 simulation domain. The regional simulations were con-
ducted on a 1 km2 grid. This resolution was chosen because of the 
relatively coarse spatial resolution of available regional meteorologi-
cal forcing data (spatial resolution of 1/8°, see above) and soil tex-
ture and forest structure data (see below).

(1)ni
(

z, x, to
)

=nground (z, x) ∗q
i (x)

F I G U R E  3  Flowchart describing the inputs, forcings and initial 
conditions needed to produce ecosystem carbon, water and energy 
flux estimates from the ED2 model [Colour figure can be viewed at 
wileyonlinelibrary.com]
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Soil depth and soil texture were obtained from the SSURGO da-
tabase in vector- based format (see Figure S3 for the SSURGO soil 
data for the simulation region). Information on the spatial variation 
in forest structure across the region was prescribed from measure-
ments from US forest service's FIA program that has an extensive 
network of plots across the United States. Each FIA plot consists 
of four 14.2 m diameter sub- plots located within a 0.4- ha area, in 
which diameter measurements are taken on individual stems greater 
than one inch in diameter and identified to species. Estimates of soil 
carbon are also available for all plots. Within the study region, 30 
FIA plots were available with data on trunk diameters per area and 
soil organic carbon. These were used to prescribe forest structure 
across the 737 km2 region, by stratifying the plots into 250 m eleva-
tion bins using the National Elevation Dataset (NED). The FIA plots 
falling into a given 250 m elevation bin were then used to specify 
the size- structure of the above- ground ecosystem within the series 
of 1 km2 climatological grid- cell within the corresponding elevation 
range. Two extra sub- grid tiles are added for each climatological 
grid- cell (x) at initialization (to) with a representative grass/shrub 
layer and near bare- ground tiles. Mathematically, this corresponds 
to the following:

That is, the FIA forest tiles, and new tiles created for grasses 
and bare- ground are adjusted by the fractional composition of for-
est (QFR (x)), grass/shrub (QGR (x)) and bare- ground (QBG (x)). N is the 
total number of forest tiles from FIA and the superscript f denotes 
the individual forest tiles (f = 1 … N). The fractional cover of for-
est, grass/shrub and bare- ground are specified from the imaging 

spectrometry- derived estimate of regional ecosystem composition, 
where the forest fraction is the sum of the classified woody PFTs 
across each 1- km grid cell. As in the site- level imaging spectrometry- 
initialized simulations (Equation 1), the relative abundances of the 
different tree cohorts of a forest tile within each 1- km grid cell were 
calculated using in a similar manner to Equation (1), that is, multiply-
ing the FIA forest- inventory- derived stem density information by the 
fractional abundance of each PFT for each 1- km grid cell. The near 
bare- ground tile (pseedlings (a)) was populated with seedlings of all ED2 
PFTs. Because there is currently no parameterization for shrubs in 
ED2, all shrubs classified from imaging spectrometry were combined 
into a grass/shrub tile (pGR (a)) populated with LAI values using the 
LAI estimate from the nearest grass- shrub dominated MODIS pixel 
where the MESMA- derived grass/shrub class dominated (>75%). As 
for the site level runs, the grasses come into equilibrium within the 
first few years of simulation. The final regional estimates of ecosys-
tem composition and structure used to initialize the ED2 model over 
the 737 km2 transect in the Sierra Nevada are shown in Figure 4.

3  |  RESULTS

3.1  |  Site- level analysis

3.1.1  |  Carbon flux predictions

The ED2 model predictions of seasonal carbon fluxes at the four flux 
tower sites are shown in Figure 5. Improvements in carbon flux esti-
mates arising from the remote- sensing initializations were assessed 
by comparing the predictions from the AVIRIS- initialized simula-
tions to the predictions obtained from PV- initialized simulations and 
from ground- inventory initialized simulations. The PV- initialized 
simulation predicted seasonal GPP at SJER, Soaproot, P301 and 
Shorthair with RMSEs of 0.032, 0.081, 0.059, 0.11, respectively, 
kgCm−2 month−1 (see Table 3). Compared with observed fluxes, the 

pf
FR

(

a, x, to
)

=
QFR (x)

N
∗ pf

FIA
(a, x) (f = 1⋯N)

pN+1
GR

(

a, x, to
)

= QGR (x) ∗ pGR (a)

(2)pN+2
BG

(

a, x, to
)

= QBG (x) ∗ pseedlings (a)

F I G U R E  4  Regional ecosystem structure expressed in terms of basal area (m2/ha) in 1 km pixels derived from the USFS Forest Inventory 
and Analysis dataset, and Ecosystem Composition derived from 18- m resolution AVIRIS imaging spectrometry flown in 2013. Masked (white) 
pixels in the top panel are both barren/rock surfaces as well as water bodies. AVIRIS, Airborne Visible/Infrared Imaging Spectrometer
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PV- initialized simulations (grey dashed lines) over- estimated the 
magnitude of GPP seasonality at the SJER, Soaproot and P301 flux 
tower sites (see Figure 5a,c,e). The degree of over- estimation was 
highest during the pre- drought period (2010– 2011) and declined fol-
lowing the onset of the drought in 2012. At Shorthair flux tower site, 
the degree of GPP seasonality was too low in 2010 and elevated 
throughout 2011. In addition, the seasonal timing of GPP in 2010 
was poorly captured with too low carbon fluxes during the summer 
and too high during the winter and autumn months (Figure 5g).

Compared with the PV- initialized simulations, the ground- based 
initialized simulation predictions of seasonal GPP more closely match 
the observed fluxes at all four evaluation sites (Figure 5a,c,e,g, red 
lines). The ground- based initialized simulations predicted seasonal 
GPP at SJER, Soaproot, P301, and Shorthair with RMSEs of 0.026, 
0.025, 0.028 and 0.019 kgC m−2 month−1, representing reductions of 
19%, 69%, 51% and 83%, respectively, in RMSEs compared with the 
PV- initialized simulation (Table 3). Similar to the ground inventory- 
initialized simulations, the AVIRIS- initialized predictions of GPP 
also more closely match the observations than the PV- initialized 
simulations at the four flux tower sites (Figure 5a,c,e,g, blue lines). 
The AVIRIS- initialized seasonal carbon flux predictions (blue lines) 
closely follow that of the ground inventory- initialized simulations 
(red lines) across all four sites and consequently exhibit similar im-
provements in accuracy over the PV- initialized simulations: the 

AVIRIS- initialized predictions had RMSEs of 0.026, 0.023, 0.034, 
0.021 kgC m−2 month−1 at SJER, Soaproot, P301 and Shorthair, 
respectively, reductions of 19%, 72%, 42% and 82% over the PV- 
initialized simulations (Table 3).

The PV- initialized simulations predicted the observed sea-
sonal patterns of NEP with RMSEs of 0.059, 0.071, 0.060 and 
0.078 kgC m−2 month−1 (see grey dashed lines in Figure 5b,d,f,h; 
Table 3). At SJER and P301, the PV- initialized simulation overesti-
mated NEP during the winter and spring months, and underestimated 
NEP during the summer (Figure 5b,f). At Soaproot, the PV- initialized 
NEP predictions were relatively consistent with the observations 
during 2010 and 2011 (Figure 5d), while at Shorthair the predic-
tions were too low in 2010 and too high in 2011 (Figure 5h). At 
SJER, Soaproot and P301, the three sites where the measurements 
extended into the drought period (2012– 2014), the PV- initialized 
predictions of NEP declined at Soaproot and P301 and the season-
ality of NEP increased following the onset of the drought; however, 
the declines were larger than observed particularly during summer 
months.

The ground- inventory initialized simulations predicted observed 
seasonal NEP at SJER, Soaproot, P301 and Shorthair with RMSEs of 
0.022, 0.026, 0.028 and 0.026 kgC m−2 month−1, with reductions of 
63%, 64%, 54% and 67% in the RMSEs at the four sites compared 
PV- initialized simulations. Several mismatches remain, however, 

F I G U R E  5  Predicted versus observed 
seasonal gross primary productivity 
(GPP) and net ecosystem productivity 
(NEP) at the four flux tower evaluation 
sites; SJER (a, b), Soaproot (c, d), P301 
(e, f) and Shorthair (g, h). Black lines 
and points show the observed fluxes; 
remaining lines show the predictions of 
the ED2 terrestrial biosphere model when 
initialized with: ground- based estimates of 
canopy composition (red lines); AVIRIS- 
based estimates of canopy composition 
(blue lines) and canopy composition 
estimated from an equilibrium potential 
vegetation simulation (grey dashed 
lines). AVIRIS, Airborne Visible/Infrared 
Imaging Spectrometer; SJER, San Joaquin 
Experimental Range
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including lower- than- observed springtime NEP during 2014 at SJER; 
lower- than- observed wintertime NEP in 2010 and 2012 at P301; 
and lower- than- observed summer- time NEP in 2014 at Soaproot. 
However, the ground- based initialized simulations more clearly cap-
ture the observed decreases in GPP and NEP that were observed 
at SJER, Soaproot and P301 flux tower sites following the onset 
of drought period (2012– 2014) (Figure 5, compare red and black 
lines). Similarly, with respect to NEP, the AVIRIS- initialized predic-
tions at SJER, Soaproot, P301 and Shorthair has RMSEs of 0.021, 
0.025, 0.033 and 0.024 kgC m−2 month−1, 64%, 64%, 46% and 69% 
reductions, respectively, in RMSEs compared with PV- initialized 
predictions.

The predictions of annual carbon fluxes at the four flux tow-
ers are shown in Figure 6. The observed yearly mean GPP values 
at SJER, Soaproot, P301 and Shorthair (Figure 6a) were 0.55, 1.13, 
1.02 and 0.48 kgC m−2 year−1, respectively (Figure 6a). The PV sim-
ulations (Figure 6b) predicted higher annual GPP at all sites with up 
to three times more inter- annual variability at SJER, Soaproot and 
P301, and 14 times more variability at Shorthair. The PV simulations 
predicted the observed annual GPP fluxes with RMSEs of 0.25, 0.67, 
0.35 and 1.10 kgC m−2 year−1 at SJER, Soaproot, P301 and Shorthair, 
respectively (Figure 6b). As with the seasonal carbon fluxes, both 
ground inventory- initialized and AVIRIS- initialized predictions of 
annual average GPP more closely match the observed fluxes with 
more accurate prediction of both the mean annual uptake and more 
accurate levels of inter- annual variability at all four evaluation sites 
(Figure 6c,d). The ground inventory- initialized simulations predicted 
annual GPP at SJER, Soaproot, P301 and Shorthair with RMSEs of 
0.18, 0.14, 0.19 and 0.07 kgC m−2 year−1, respectively, representing 
29%, 79%, 46% and 94% reductions in RMSEs compared with the 
PV- initialized model predictions. Similarly, the AVIRIS- initialized 
simulations predicted annual GPP at SJER, Soaproot, P301 and 
Shorthair with RMSEs of 0.18, 0.11, 0.26 and 0.12 kgC m−2 year−1, 
respectively, representing 27%, 83%, 24% and 89% reductions in 
RMSE compared with the PV- initialized simulations.

The observed yearly mean NEP values at SJER, Soaproot, 
P301, and Shorthair (Figure 6e) were −0.0025, 0.58, 0.77, and 
0.25 kgC m−2 year−1, respectively, indicating that, over their re-
spective observation periods, SJER was essentially carbon neutral, 
Soaproot and P301 were significant carbon sinks, and Shorthair was 
a moderate carbon sink. With respect to NEP, the PV simulations 
at SJER, Soaproot and P301 predicted lower- than- observed aver-
age annual NEP with up to five times more inter- annual variability 
than observed fluxes, whereas at Shorthair the PV simulations had 
higher- than- observed average NEP and 13 times more inter- annual 
variability than the observed fluxes (Figure 6f) and with RMSEs 
of 0.27, 0.40, 0.41 and 0.66 kgC m−2 year−1 at the SJER, Soaproot, 
P301 and Shorthair sites, respectively (Table 3). Similar to the an-
nual GPP predictions, both ground- initialized and AVIRIS- initialized 
predictions of annual average NEP more closely match the observed 
fluxes with more accurate prediction of both mean annual uptake, 
and more accurate levels of inter- annual variability at all four evalu-
ation sites (Figure 6g,h). The ground- inventory initialized simulations 

predicted annual NEPs at SJER, Soaproot, P301, and Shorthair with 
RMSEs of 0.11, 0.10, 0.25 and 0.05 kgC m−2 year−1, representing 
59%, 74%, 39% and 93% reductions in RMSEs compared with the 
PV- initialized predictions (see Table 3); in a similar manner, AVIRIS- 
initialized predictions of annual NEP had RMSEs of 0.11, 0.09, 0.32 
and 0.12 kgC m−2 year−1 at SJER, Soaproot, P301 and Shorthair, 
respectively, representing reductions of RMSEs of 58%, 76%, 23% 
and 82% compared with the PV- initialized model predictions (see 
Table 3).

3.1.2  |  Water flux predictions

The ED2 model predictions of seasonal ET for the period 2009– 
2014 are shown in Figure 7. At SJER (Figure 7a) the observed 
seasonal ET (black lines) is highest during the winter and spring, 
while at Soaproot, SJER and Shorthair (Figure 7b– d), ET is high-
est during the spring and summer. Although data are not available 
at Shorthair, as seen in Figure7b– d, after 2012 there are notice-
able declines in seasonal ET at SJER, Soaproot and P301. The 
seasonal patterns of ET predicted by the PV- initialized simulation 
(grey dashed lines in Figure 7) show similar seasonal patterns to 
the observations; however, the model significantly over- estimates 
ET at SJER in 2011 (Figure 7a) and Soaproot in 2011 (Figure 7d), 
and under- estimates ET at Soaproot and P301 in 2012 and 2013 
(Figure 7b,c). The predicted peak values are generally lower- than- 
observed at P301 and higher- than- observed at SJER; however, 
the PV- initialized simulation captures the observed decreases in 
ET at SJER, Soaproot and P301 that occur during 2012– 2014. At 
Shorthair (Figure 7d), the ET predictions from PV- initialized simula-
tion are more variable seasonally than the observed fluxes, and the 
temporal trend is also different: the observed fluxes decrease from 
2010 to 2011, whereas the PV- initialized fluxes increase for the 
same period. The RMSEs of the PV- initialized runs were 19, 23, 32 
and 42 mm H2O month−1 at SJER, Soaproot, P301 and Shorthair, 
respectively (see Table 3).

Ground- based and AVIRIS- based initialized predictions of ET 
(red and blue lines in Figure 7a– d) are very closely aligned and follow 
similar seasonality as the observed water fluxes: the highest water 
fluxes occur during the winter and spring at SJER, and during the 
spring and summer at Soaproot, SJER and Shorthair, and the pre-
dictions capture the observed decreases in seasonal ET that occur 
after 2012 at SJER, Soaproot and P301. The ground- initialized and 
AVIRIS- initialized simulations had minor overall improvements in 
the predictions of water fluxes: the ground- initialized simulations 
yielded RMSEs of 19, 21, 24, 29 mm H2O month−1 at SJER, Soaproot, 
P301 and Shorthair, respectively, representing 0%, 11%, 26% and 
31% reductions in RMSEs compared with the PV- initialized simula-
tions. The AVIRIS- initialized predictions of ET had RMSEs of 20, 21, 
24 and 34 mm H2O month−1 at SJER, Soaproot, P301, and Shorthair, 
respectively, representing a 4% increase in RMSE at SJER, and re-
ductions of 9%, 23% and 19% in RMSEs at Soaproot, P301 and 
Shorthair compared with the PV- initialized simulations. However, 
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both the ground- based and AVIRIS- based initialized predictions 
still over- estimate ET in 2011 at SJER and Shorthair, and still under- 
estimate ET at Soaproot and P301 in 2012 and 2013.

The corresponding annual ET fluxes are shown in Figure 7e– h. 
The observed annual ET values were 324, 621, 625 and 401 mm 
H2O year−1 at SJER, Soaproot, P301, and Shorthair, respectively 
(Figure 7e). The PV simulations (Figure 7f) predicted more uni-
form ET across the four sites— with higher mean ET at SJER and 
Shorthair, similar to lower mean ET at Soaproot and P301, respec-
tively, and higher levels of inter- annual variability at all sites. RMSEs 
across the four sites were 141, 95, 182, 333 mm H2O year−1 com-
pared with observed fluxes. The ground- based and AVIRIS- based 
annual ET estimates showed no improvement at SJER, but more 
closely matched the observations at Soaproot, P301 and Shorthair 
with RMSEs of 141, 39, 104 and 150 mm H2O year−1, respectively, 
representing reductions of 0%, 59%, 41% and 55% in RMSEs at 
SJER, Soaproot, P301, and Shorthair (see Table 3). Similarly, the 
AVIRIS- based initializations predicted annual ET with RMSEs of 
140, 41, 111, 211 mm H2O year−1 representing 56%, 38% and 37% 
reductions in RMSE at Soaproot, P301 and Shorthair, respectively, 
over the PV- initialized simulations, but no reduction in RMSE at 
SJER (see Table 3).

3.2  |  Regional- level analysis

3.2.1  |  Carbon fluxes

The regional predictions of GPP and NEP during the 2010– 2014 pe-
riod are shown in Figure 8. Prior to the onset of the 2012 drought, 
rates of carbon uptake (GPP, left- hand panels) were lowest in the 
western, low- elevation portion of the simulation domain (<1000 m), 
moderate in the eastern, high- elevation region (>2200 m) and high-
est in the central, mid- elevation region (1000– 2200 m). Following 
the onset of the drought in 2012, GPP decreased in all regions, with 
reductions of 18.5% at low elevations (0.161– 0.131 kgC m−2 year−1), 
22% at high elevations (0.348– 0.272 kgC m−2 year−1) and the largest 
reduction at mid- elevations of 50% (0.733– 0.369 kgC m−2 year−1). 
Total GPP for the region decreased following the onset of the 2012 
drought from around 310 ktC year−1 in 2010– 2011 to 184 ktC year−1 
in 2012– 2014, a 40% decrease in GPP.

Rates of carbon storage predicted over the simulation domain 
(NEP, Figure 8 right- hand panels) show similar spatial patterns to 
GPP, and a similar pattern of decline following the 2012 drought: 
NEP is lowest at low- elevations (<1000 m), moderate in the east-
ern, high- elevation region (>2200 m) and highest in the central, 
mid- elevation region (1000– 2200 m). Prior to the onset of the 2012 
drought, areas below 1000 m elevation were weak sources of car-
bon (−0.041 kgC m−2 year−1), mid- elevations were strong carbon 
sinks (0.377 kgC m−2 year−1), and high elevations were moderate 
sinks of carbon (0.168 kgC m−2 year−1). Following the onset of the 
drought in 2012, NEP decreased markedly in the mid- elevation re-
gion by 84% (0.377– 0.059 kgC m−2 year−1) and in the high- elevation 

region by 43% (0.168– 0.096 kgC m−2 year−1) but remained sim-
ilar to pre- drought levels in the low elevation region (−0.041 to 
−0.040 kgC m−2 year−1). The total carbon sequestered for the region 
fell by 83% from 94.11 and 144.19 ktC year−1 in 2010 and 2011, to 
25.52, 17.53 and 10.63 ktC year−1 in 2012, 2013 and 2014, respec-
tively (Figure 8 right- hand panels).

The elevational trends in regional GPP and NEP and the ac-
companying pattern of ecosystem composition derived from 
imaging spectrometry measurements are shown in Figure 9. 
Focusing initially on the relationships between ecosystem com-
position and carbon fluxes prior the onset of the drought (i.e. 
during 2010 and 2011), we observe that the ecosystems below 
1000 m elevation are primarily comprised of Grass/Shrubs and 
Oaks/Western Hardwood PFTs. Within this elevation band, 
as elevation increases from 200 to 1000 m, the abundance of 
Oak/Western Hardwoods increases and non- vegetated land 
cover decreases (grey and red bars in Figure 9c) and both GPP 
(Figure 9a) and NEP (Figure 9b) increase as function of elevation: 
GPP increases from under 0.1 kgC m−2 year−1 at 200 m to around 
0.4 kgC m−2 year−1 at 1000 m (Figure 9a), and NEP increases from 
around −0.2 kgC m−2 year−1 at 200 m to around 0.15 kgC m−2 year−1 
at 1000 m (Figure 9b). Above 1000 m elevation, Fir– Cedars and 
Western Pine both increase in abundance and Grass/Shrub and 
non- vegetated cover continue to decline in abundance. Coincident 
with these changes in ecosystem composition, are rapid increases 
in the pre- drought levels of GPP and NEP as a function of eleva-
tion, with GPP increasing to around 0.85 kgC m−2 year−1, and NEP 
increasing to above 0.4 kgC m−2 year−1 at 1200 m (Figure 9a,b). At 
mid- elevations between 1000 and 2200 m, ecosystems are com-
prised of a mixture of Fir/Cedar, Western Pines and Oaks/Western 
Hardwoods and, prior to the drought, these ecosystems had the 
highest associated rates of productivity and carbon storage, with 
GPP reaching between 0.6 and 1.0 kgC m−2 year−1 and NEP be-
tween 0.27 and 0.57 kgC m−2 year−1. Above 2200 m, ecosystem 
composition shifts again, with declining abundances of Western 
Pines, Fir/Cedar PFT and increasing amounts of the High Pine PFT 
and non- vegetated cover as elevation increases. Associated with 
this compositional shift are declines in both productivity and car-
bon storage with GPP decreasing from around 0.4 kgC m−2 year−1 
at 2200 m to under 0.2 kgC m−2 year−1 at 3000 m and NEP de-
creasing from around 0.2 kgC m−2 year−1 at 2200 m to near zero 
at 3000 m.

Following the onset of the drought, in low- elevation ecosys-
tems (<1000 m), GPP and NEP are similar to their pre- drought levels 
at elevations between 200– 500 m, but GPP decreases by around 
0.05 kgC m−2 year−1 at 1000 m (Figure 9a), and NEP decreases by 
around 0.07 kgC m−2 year−1 at 1000 m (Figure 9b). Mid- elevation 
ecosystems between 1000 and 2200 m had the largest reductions 
in GPP and NEP following the onset of the drought, with GPP de-
creasing by around 0.3 to 0.5 kgC m−2 year−1 and NEP decreasing by 
around 0.25 to 0.45 kgC m−2 year−1 compared to their pre- drought 
fluxes. Furthermore, each successive year of drought resulted in 
lower GPP and NEP fluxes with 2014 being the lowest productivity 
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year throughout much of the mid- elevation region. Above 2200 m, 
high- elevation ecosystems experienced moderate reductions 
in GPP and NEP, with both GPP and NEP decreasing by around 
0.1 kgC m−2 year−1 compared with pre- drought levels. Seasonally, the 
largest declines in NEP occurred in the summer months, where the 
mid- elevation ecosystems switched from being a sink of carbon to a 
source (see Figure S4).

3.2.2  |  Water and energy fluxes

The regional patterns of transpiration and evaporation during the 
2010– 2014 period are shown in Figure 10. Prior to the drought, the 
average rate of canopy transpiration across the region in 2010– 2011 
was approximately 120 mm year−1 (Figure 10a,b); however, the can-
opy transpiration exhibited marked spatial variation (Figure 10a,b), 

F I G U R E  6  Average annual and inter- annual variability in GPP and NEP predictions obtained from potential vegetation simulations (b, 
f), from ground- based composition- initialized (c, g) and AVIRIS- based composition- initialized (d, h) simulations the ED2 model. These are 
compared with observed fluxes (a, e) from the four SSCZO flux tower sites over variable years; SJER (2010– 2014), Soaproot (2011– 2014), 
P301 (2009– 2014) and Shorthair (2010– 2011). AVIRIS, Airborne Visible/Infrared Imaging Spectrometer; GPP, gross primary productivity; 
NEP, net ecosystem productivity; Shor, Shorthair; SJER, San Joaquin Experimental Range; Soap, Soaproot; SSCZO, Southern Sierra Critical 
Zone Observatory
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F I G U R E  7  Predicted versus observed seasonal (a– d) and average annual and inter- annual (e– h) ET fluxes at the four flux tower evaluation 
sites; SJER, Soaproot, P301 and Shorthair. Black lines show the observed ET fluxes; remaining lines show the predictions of the ED2 
terrestrial biosphere model when initialized with: ground- based estimates of canopy composition (red lines); AVIRIS- based estimates 
of canopy composition (blue lines) and canopy composition estimated from an equilibrium potential vegetation simulation (grey lines). 
The annual and inter- annual fluxes in (e– h) are over variable years; SJER (2010– 2014), Soaproot (2011– 2014), P301 (2009– 2014) and 
Shorthair (2010– 2011). AVIRIS, Airborne Visible/Infrared Imaging Spectrometer; ET, evapotranspiration; Shor, Shorthair; SJER, San Joaquin 
Experimental Range; Soap, Soaproot
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which generally mirrors the patterns of GPP fluxes (Figure 8) with 
relatively high (average 214 mm year−1) rates of transpiration in 
mid- elevation areas (1000– 2200 m), moderate- to- low transpiration 
rates (average 104 mm year−1) in high- elevation western regions 
(>2200 m) and low (average 39 mm year−1) transpiration rates at low 
elevations (<1000 m).

As Figure 10 illustrates, following the onset of the drought, 
regional transpiration losses decreased by 33% from their pre- 
drought value of 120 mm year−1 to around 80 mm year−1: the larg-
est losses in canopy transpiration occurred in the mid- elevation 
(1000– 2200 m) areas where transpiration decreased by 44%, from 
214 mm year−1 in 2010– 2011 to 119 mm year−1 in 2012– 2014. In 
contrast, low-  (<1000 m) and high- elevation (>2200 m) regions ex-
hibited considerably smaller declines in canopy transpiration with 
declines of 3% and 9%, respectively (pre- drought transpiration 
rates of 38.9 and 104 mm year−1 declined to 37.7 and 95 mm year−1, 
respectively). As shown in Figure S5, the large reductions in tran-
spiration of the mid- elevation regions were caused by significant 
increases in stomatal closure.

Evaporation rates were considerably higher than transpiration, 
with an average pre- drought (2010– 2011) evaporative water loss at 
around 640 mm year−1 (Figure 10c,d). Evaporation exhibits a more 
uniform pattern across space than transpiration (Figure 10c), with 
low-  (<1000 m), mid-  (1000– 2200) and high- elevation (>2200) evap-
oration rates at 687, 629 and 553 mm year−1, respectively. Following 
the onset of the drought (2012– 2014), evaporative water loss across 
the region decreased by 53% from 640 to 303 mm year−1. Low-  to 
mid- elevation regions experienced higher evaporative losses than 
high elevations following the onset of the drought period, with 
2012– 2014 evaporation rates of 301, 297 and 319 mm year−1, 

F I G U R E  8  Annual spatial patterns and trends in regional gross primary productivity (GPP) and net ecosystem productivity (NEP) for the 
years 2010– 2014. Total regional carbon fluxes per year are presented in the top left of each panel

F I G U R E  9  Annual trends in terrestrial carbon fluxes [(a) GPP 
and (b) NEP] across the elevational gradient. Elevation distributions 
of ecosystem composition derived from imaging spectrometry is 
shown in (c), as the fraction of vegetation cover occupied. GPP, 
gross primary productivity; NEP, gross primary productivity
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respectively (reductions of 56%, 53% and 42%). The associated 
changes in the pattern of sensible heat flux over the region are de-
scribed in Appendix 2.

3.2.3  |  Evaluation of the sources of error in the 
regional simulations

The impacts of the NLDAS regional meteorological forcing and the 
regional FIA- based estimate of forest structure on the model's pre-
dictions were assessed by comparing the predictions of the regional 
simulations against the prediction of simulations using observed 
meteorological forcing and observed canopy structure at the four 
flux- tower sites (Figure S6). As described in more detail in Appendix 
2, this analysis indicates that the NLDAS regional meteorology is a 
more significant source of error in the regional simulations than inac-
curacies in either the FIA- derived estimate of ecosystem structure 
or inaccuracies the AVIRIS- derived estimate of regional composition.

3.2.4  |  Growth and mortality

Above- ground- biomass ecosystem growth and mortality spatial pat-
terns for years 2010– 2014 are shown in Figure 11. In 2010– 2011, 
prior to the onset of the drought, average above- ground biomass 

(AGB) growth across the region was 0.10 kgC m−2 year−1 and rates of 
AGB growth at low- , mid-  and high- elevation growth were 0.03, 0.18 
and 0.10 kgC m−2 year−1, respectively (Figure 11a,b). In 2012– 2014, 
the average AGB growth decreased by 71% to 0.03 kgC m−2 year−1. 
The most marked declines, both in absolute and relative terms, 
occurred at mid- elevations (1000– 2200 m) where average ac-
cumulation decreased to 0.04 kgC m−2 year−1 (a 75% decrease). 
Low- elevation (>1000 m) and high- elevation (>2200 m) areas also 
declined significantly to 0.008 and 0.04 kgC m−2 year−1 (72% and 
59% reductions, respectively). The most severe declines occurred in 
2014, the final year of the drought in which AGB growth declined by 
77%, 91% and 78% in low- , mid-  and high- elevation regions, respec-
tively, compared with their average pre- drought values.

With regard to AGB mortality, in 2010– 2011, prior to the onset 
of the drought, average AGB mortality across the region was at 
0.026 kgC m−2 year−1 (Figure 11c), with rates at low-  (<1000 m), mid-  
(1000– 2200 m) and high elevations (>2200 m) of 0.005, 0.038 and 
0.050 kgC m−2 year−1, respectively. Following the onset of the drought 
in 2012, average AGB mortality increased to 0.031 kgC m−2 year−1 in 
2012, 0.083 kgC m−2 year−1 in 2013 and then to 0.24 kgC m−2 year−1 
in 2014, reflecting mortality increases of 19%, 219% and 823%, re-
spectively, over the average AGB mortality during the pre- drought 
period. Similar to growth, the most severe effects were in 2014; 
however, there was a notable lag in the temporal trend of mortality 
compared with growth: while significant declines in growth occurred 

F I G U R E  1 0  Annual spatial patterns and trends in transpiration (a, b) and evaporation (c, d) for years 2010– 2014. Panels (b) and (d) show 
annual water fluxes across the elevational gradient. Banding, especially in (c), arises from edges in each grid cell of the NLDAS regional 
meteorology product. NLDAS, North American Land Data Assimilation
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in 2012 (Figure 11a), significant increases in mortality did not occur 
until 2013 and 2014 (Figure 11c).

Similar to AGB growth, the highest increases in mortality rates 
occurred in mid-  and high- elevation areas with increases in 2012, 
2013 and 2014 to 0.043, 0.090 and 0.24 kgC m−2 year−1 for mid- 
elevations and to 0.055, 0.24 and 0.75 kgC m−2 year−1 for high ele-
vations, receptions. This reflects mortality rates in 2014 of 6 and 15 
times higher than the average AGB mortality in the mid-  and high 
elevation, respectively, during the pre- drought period. Lower eleva-
tion areas also increased in mortality in 2012, 2013 and 2014, but 
to a lesser extent −0.009, 0.008 and 0.016 kgC m−2 year−1, respec-
tively. The regional patterns of AGB growth and mortality for the 
different PFTs are shown in Figure S7. As can be seen in this supple-
mentary figure, the high mortality rates in 2013– 2014 for mid- to- 
high- elevation regions (Figure 11c,d) correspond mostly to losses of 
Fir/Cedar and High Pine (Figure S7g,h).

3.2.5  |  Effects of ecosystem composition and 
structure on the magnitude of drought impacts

Figure 12 shows how the magnitude of the drought impacts on car-
bon, water and biomass dynamics vary as a function of forest compo-
sition and structure. The y- axis of each panel shows the difference in 
the value of a given quantity in 2014 compared with the pre- drought 
years, the x- axis shows the pre- drought basal area per grid- cell, and 

the colours of each point reflect the dominant woody PFT within 
each simulation grid cell. As the figure illustrates, drought- induced 
decreases in AGB growth, NEP, GPP and transpiration are signifi-
cantly correlated with pre- drought forest basal area (R2 = 0.69, 0.63, 
0.56 and 0.52, respectively; see Figure 12d,a,b,e, and Table 4). A 
similar, but less strong, pattern is seen in drought- induced increases 
in AGB mortality and declines in evaporation (R2 = 0.42 and 0.38, 
respectively; see Figure 12c,f; Table 4).

As the colours in Figure 12 illustrate, the magnitudes of the drought 
impacts are also significantly affected by ecosystem composition. At 
low basal areas (<10 m2 ha−1), the largest drought- induced declines in 
GPP, NEP, transpiration, and AGB growth occurred in Oak/Western 
Hardwood-  and Western Pine– dominated areas, while the declines in 
Fir/Cedar-  and High Pine- dominated areas were lower. At moderate and 
high basal areas (>10 m2 ha−1), the magnitudes of declines GPP, NPP, 
transpiration, and AGB growth in Fir/Cedar- dominated areas generally 
increased to levels similar to, or higher than, Oak/Western Hardwood-  
and Western Pine- dominated areas with a similar basal area, whereas 
rates of decline in High Pine- dominated areas remain relatively low 
by comparison (Figure 12a,b,d,e). The effects of composition on AGB 
mortality (Figure 12c) exhibit a different pattern: for a given basal area, 
rates of AGB mortality tended to be higher in High Pine- dominated 
and some Fir/Cedar- dominated areas compared with Oak- Western 
Hardwood and Western Pine- dominated areas (Figure 12c).

The results of associated regression models are shown in Table 4. 
In univariate models Fir/Cedar abundance is the best single predictor 

F I G U R E  11  Spatial patterns and trends in above- ground biomass (AGB) growth (a, b) and mortality (c, d) for years 2010– 2014. Panels (b) 
and (d) show the trends in annual AGB growth and mortality across the elevational gradient
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of drought- induced decreases in NEP (R2 = 0.66), GPP (R2 = 0.56), 
AGB growth (R2 = 0.803), and transpiration (R2 = 0.56). High Pine 
abundance is the best single predictor of drought- induced increases 
in AGB mortality (R2 = 0.474), whereas basal area is the best single 
predictor of changes in evaporation (R2 = 0.38). Combined measures 
of ecosystem structure and composition explained most of the be-
tween grid- cell variability in drought- induced declines of NEP, GPP, 
AGB growth, and transpiration (R2 values of 0.94, 0.91, 0.91 and 
0.89, respectively); and to a lesser degree variation in AGB mortal-
ity and evaporation increases (R2 of 0.63 and 0.58, respectively). 
Elevation (not shown) was a weak predictor of drought- induced 
declines in NEP, GPP, AGB growth, and transpiration (R2 = 0.045– 
0.2) but was a reasonable predictor of drought- induced increases 
in AGB mortality and declines in evaporation (R2 = 0.39 and 0.50, 
respectively).

4  |  DISCUSSION

This study has shown how spatially resolved estimates of regional 
PFT composition derived from imaging spectrometry measurements 

can provide important constraints on terrestrial biosphere model 
predictions of regional- scale carbon, water and energy fluxes and 
accompanying AGB dynamics.

4.1  |  Evaluation of the imaging spectrometry- 
constrained model

Incorporating the imaging spectrometry- derived estimates of above- 
ground canopy composition into the ED2 terrestrial biosphere model 
substantially improved the model's predictions of gross (GPP) and 
net (NEP) carbon fluxes at the four flux- tower sites (Figures 5 and 
6). Monthly and annual GPP RMSEs were reduced by 19%– 89% and 
monthly and annual NEP RMSEs by 23%– 82% compared with the PV- 
initialized simulations (Table 3), and the magnitude of the improve-
ments are similar to those achieved when the model was initialized 
with ground inventory estimates of canopy composition. The carbon 
flux predictions of the imaging spectrometry- initialized simulations 
were most similar to the ground inventory- initialized simulations at 
SJER and Soaproot reflecting the high- level of accuracy of the imag-
ing spectrometry composition estimates at these two sites (Figure 2). 

F I G U R E  1 2  Relationships between forest composition and structure and the impacts of the 2012– 2015 California drought and six 
metrics of ecosystem performance in the regional ED2 simulations: (a) net ecosystem productivity, (b) gross primary productivity, (c) AGB 
mortality, (d) AGB growth, (e) transpiration, (f) evaporation. Points reflect the changes (Δ) in the given ecosystem performance metric 
between 2014 and their pre- drought averages across the 1 km grid- cells of the simulation region shown in Figures 8, 10 and 11. Forest 
composition categories reflect dominant woody PFTs and include a mixed PFT category. AGB, above- ground biomass; GPP, gross primary 
productivity; NEP, gross primary productivity; PFT, plant functional type
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However, at P301 and Shorthair, the differences between the imaging 
spectrometry- initialized and ground inventory- initialized carbon flux 
estimates were larger because of over- estimation of the abundance of 
the High Pine PFT at P301, and under- estimation of its abundance at 
Shorthair (Figure 2). The lower accuracy of the PFT composition esti-
mates at these two sites arises because of the poorer spectral sepa-
rability of the High Pine and Fir/Cedar PFTs: Fir- Cedar and High Pine 
end- member spectra were only sufficiently distinct in 47% and 55% of 
wavelengths during the fall and spring (Bogan et al., 2019).

The improvements in the accuracy of carbon flux predictions ob-
tained in the imaging spectrometry- constrained simulations (yearly 
NEP RMSE reductions of 23%– 82% and GPP reductions of 24%– 
89%) are comparable with those obtained in a previous analysis 
(Antonarakis et al., 2014), which used imaging- spectrometry mea-
surements to constrain terrestrial biosphere model predictions of 
carbon fluxes in a temperate forest ecosystem in the North- eastern 
United States (36%– 49% reductions in NEP RMSEs, and 53%– 121% 
reductions in GPP RMSEs). This analysis builds upon Antonarakis et al. 
(2014) by expanding the evaluation of how imaging spectrometry- 
derived estimates of ecosystem composition affect predictions of eco-
system function to encompass water fluxes as well as carbon fluxes. 
At Soaproot, P301 and Shorthair, incorporating imaging spectrometry- 
derived estimates of ecosystem composition reduced the monthly and 
annual RMSEs of ET at these sites by 9%– 56% compared with the PV- 
initialized simulations (Table 3). As with GPP and NEP, the magnitudes 
of these improvements in ET were comparable with the improve-
ments obtained with ground- inventory initialized simulations at the 
three sites, which ranged from 11% to 59%. However, the impacts of 
imaging- spectrometry initialization on monthly or annual water fluxes 
at SJER were minimal. These were similar to the effects of the ground- 
inventory initialization on the accuracy of water flux predictions at 
SJER, which saw no change in monthly or annual fluxes (Table 3). 
These remaining mismatches between the model and observations at 
SJER, as well as seasonal overestimations at SJER and Shorthair and 
under- estimation during drought years at P301, reflect underlying de-
ficiencies in the model's formulation rather than errors arising from 
incorrect specification of the composition of the plant canopy.

4.2  |  Impacts of the 2012– 2015 California drought 
on regional carbon, water and energy fluxes

In second part of this study, the imaging spectrometry- constrained 
model was used to predict regional carbon, water and energy 
fluxes over a 737 km2 area spanning a large elevation gradient in 
the Sierra Nevada Mountain range over a 5- year period spanning 
the 2012– 2015 Californian drought (Figures 8– 12). As noted in 
the Introduction, this drought was a one- in- thousand- year event 
(Robeson, 2015), which left the state with an average rain deficit of 
around 500 mm, equal to a year's rainfall (Cole & Gray, 2015).

Although there have been several empirical assessments of the im-
pacts of the 2012– 2015 drought (Asner et al., 2016; Byer & Jin, 2017; 
Goulden & Bales, 2019; Potter, 2016; Young et al., 2017), the results 

of this study provide new mechanistic insights and inference regarding 
the patterns and magnitudes of the drought's impacts on regional- 
scale carbon, water and energy fluxes across the diverse vegetation 
communities found across the region. Prior to the onset of drought 
in 2012, net carbon uptake (NEP) in the region was approximately 
160 tC ha−1 year−1 resulting in a total uptake rate of 120 ktC year−1 
across the region with the highest rates of uptake occurring in the 
functionally diverse, high basal area mid- elevation (1000– 2200 m) 
forests (Figures 8 and 9). Following the onset of the drought in 2012, 
the region's carbon uptake declined markedly with the largest declines 
occurring in the mid- elevation forests which experienced a 50% de-
cline in GPP and an 84% decrease in their NEP between 2012 and 
2014 (Figures 8 and 9). This spatial pattern of drought impact on the 
region's carbon fluxes are consistent with Young et al.'s (2017) analysis 
of United States Forest Service aircraft photo survey measurements 
collected between 2009 and 2015, which found that trees in the drier, 
denser (higher basal area) forests of the Southern Sierra Nevada were 
more vulnerable to extreme drought. They suggested that this likely 
reflected the high demand and competition for water in these regions.

The predicted rapid and widespread declines in GPP and NEP 
following the onset of the drought in 2012 compared with the pre- 
drought years seen in Figures 8 and 9 is, as far as we are aware, a 
previously undocumented consequence the 2012– 2015 drought. 
Comparison of the predicted and observed temporal patterns of 
GPP and NEP declines at the SJER, Soaproot and P301 flux tower 
sites provide some support for this conclusion. There are signs of re-
duced carbon uptake in 2012 in the observations at SJER and P301 
(Figure 5, see also Goulden & Bales, 2019). However, at Soaproot, 
declines in GPP and NEP are not evident in either the observations 
or in the model predictions (Figure 5c,d), suggesting that the lack of 
response observed at this site was not indicative of what was occur-
ring more broadly in the mid- elevation ecosystems during this period.

Alongside the marked declines in mid- elevation carbon uptake 
during 2012– 2014 were marked declines in water fluxes (Figure 10) 
and associated shifts in the surface energy balance of the land surface 
(Figure S8). These findings are consistent with the results of a recent 
study by Goulden and Bales (2019) who analysed the impacts of the 
2012– 2015 drought by developing a statistical relationship between 
estimates of ET across a series of flux towers and NDVI and then using 
this ET– NDVI relationship to estimate impacts of the drought on re-
gional water balance (cumulative precipitation minus ET). In particular, 
consistent with the results of Goulden and Bales (2019), our analysis 
indicates large- scale declines in ecosystem water balance in areas be-
tween 1000 and 2000 m elevation occurred during the drought period 
(Figure 10). Our resulting water fluxes and regional patters prior to the 
drought are also consistent with the literature (Goulden et al., 2012; 
Goulden & Bales, 2014), where transpiration in 2010– 2011 (Figure 10) 
increased up to around 2000 m, with decreases at higher elevations 
attributed to cold limitation in California's upper Sierra Nevada eco-
systems dominated by High Pines (Goulden & Bales, 2014).

Examination of the timing of the declines in ET in response to the 
drought seen at the flux- tower sites indicates that at the mid- elevation 
Soaproot and P301 sites the model predicted an earlier onset of declines 
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in ET compared with the observations (summer 2012 vs. summer 2013; 
see Figure 7b,c; see also Goulden & Bales, 2019). One explanation for 
this discrepancy is that the plants have access to a significantly larger 
store of moisture than the SSURGO soil depth to bedrock survey data 
imply: soil analyses at Soaproot and P301 have revealed the presence 
of a significant weathered bedrock beneath the maximum 2 m of soil 
depth measured by SSURGO soil survey (O'Geen et al., 2018). The 
overall depth of the regolith varies spatially, but calculations taking this 
additional depth into account markedly increases (more than doubles) 
the amount of plant available water at sites between 600 and 2000 m 
(O'Geen et al., 2018). The presence of such deep moisture likely acts as 
significant additional moisture buffer that prolonged the onset of the 
drought's impact in regions where it was present. In addition, a previous 
analysis in temperate forest ecosystem indicates that the terrestrial bio-
sphere model's partitioning of ET between evaporation and transpira-
tion is biased significantly toward evaporation (Wehr et al., 2017), which 
may result in excessive water loss from the soil column and more rapid 
declines in canopy transpiration compared with the observations.

An earlier analysis of high- resolution airborne imaging spectrom-
etry and multi- spectral satellite measurements (Asner et al., 2016) 
estimated that 80% of Californian forests experienced significant 
losses in canopy water content during the drought, with over 7% 
of forests experiencing canopy water loss greater than 30% (Asner 
et al., 2016). However, the results of this analysis imply that the 
effects of the drought are even larger when assessed in terms of 
its impact on the region's water and energy fluxes: regional tran-
spiration and evaporation declined by 33% and 53%, respectively, 
compared with the pre- drought 2010– 2011 period (Figure 10) with 
43% of the region experiencing canopy water losses greater than 
30%. Associated with these declines in evaporation and transpira-
tion were increased levels of stomata closure (Figure S5) and a 51% 
increase in the sensible heat fluxes (Figure S8).

4.3  |  Impacts of the 2012– 2015 California drought 
on regional biomass dynamics

Rates of tree mortality increased substantially during the drought 
period: average canopy biomass mortality (trees greater than 20 cm 
diameter at breast height) was nine times higher in 2014 compared 
with levels during pre- drought years (Figure 11). This translates to 
over 400,000 trees in 2014, or an average per capita mortality rate 
of 535 trees km−2 year−1, values that are nearly an order of magnitude 
higher than the pre- drought mortality levels (40,000 trees year−1 or 
a per capita mortality rate of 55 trees km−2 year−1, Figure S9). These 
estimates are broadly consistent with a USFS study (Young et al., 
2017) that estimated that mortality in the Sierra Nevada increased 
by an order of magnitude from 10 to 25 trees km−2 year−1 prior to the 
drought to 400– 1000 trees km−2 in 2015.

Interestingly, in the regional simulations the declines in NEP and 
AGB biomass growth during 2012 presage the subsequent increases 
in mortality (Figures 8 and 11 respectively). This finding is consis-
tent with the findings of empirical studies that have documented 

drought- induced declines in tree growth rates prior to the onset 
of drought- induced mortality (Berdanier & Clark, 2016; Ogle 
et al., 2000), and the finding of a remote sensing study of the recent 
California drought that found drought- induced declines satellite- 
derived vegetation indices in the year proceeding the onset of wide-
spread forest mortality (Potter, 2016). From a regional ecosystem 
monitoring perspective, the early onset of drought- induced declines 
in above- ground productivity and biomass growth that occur in the 
model simulations implies that terrestrial biosphere models can also 
be used to identify areas that are vulnerable to large- scale die- offs if 
a drought event continues. This approach has two advantages over 
remote- sensing imagery- based analyses. First, widespread increases 
in mortality occurred 2 years after the onset of declines in growth, 
implying an improved ability to forecast mortality events compared 
with analyses of satellite- derived vegetation indices. Second, in con-
trast to remote sensing- based analyses (and also tree- core studies), 
the process- based nature of the terrestrial biosphere model used 
here enables forecasting of future changes in tree morbidity and 
mortality rates under a variety of future climate, atmospheric CO2 
concentration and forest management scenarios, and thus be used 
for contingency and scenario planning activities.

The spatial pattern of drought- induced mortality (Figure 11d) pre-
dicts that mortality losses are largest at high elevations (above 2500 m) 
with a secondary mortality peak around 1700 m. In an analysis of tree 
mortality in Sequoia National Park (approximately 140 km south of 
our study region), Paz- Kagan et al. (2017) found mortality in forest 
inventory plots distributed along a 1000– 3000 m elevation gradient 
had peaks at 1600– 1800 m and a secondary peak at 2400– 2500 m. 
Although the model simulations conducted here predict that the high- 
elevation mortality peak was larger than the mid- elevation peak, the 
model's predictions of mortality peaks at 1700 and 2400 m accords 
with the spatial patterns found in the Paz- Kagan et al. (2017) study.

The pattern of mortality in the aerial surveys of Young et al. (2017) 
(Figure S9) also suggest high levels of mortality at mid- elevations. 
There are a several potential explanations for the more muted mid- 
elevation mortality peak in the model predictions: (i) the magnitude 
of the drought at mid- elevations may have been under- estimated due 
to inaccuracies in the meteorological forcing used to drive the model 
simulations; (ii) the degree of drought- tolerance in the Western Pine 
and Fir/Cedar PFTs may have been over- estimated due inaccuracies 
in the parameterization of their physiological and morphological attri-
butes and (iii) the absence of insect- induced mortality in the biosphere 
model formulation. With regard to this latter point, several earlier 
studies noted that the mid-  and high- elevation regions suffered high 
degrees of mortality through a combination of water stress and insect 
activity (USFS, 2015; Young et al., 2017), where according to Restaino 
et al. (2019), insect mortality was more dominant in mid- elevation 
Western Pine species (e.g. P. Ponderosa and P. lambertiana) compared 
with Fir/Cedar species (A. concolor, C. decurrens).

The mortality rates over the region during the drought period 
reflect the combined effects of the baseline level mortality plus the 
drought- induced mortality and insect- induced mortality. The ED2 ter-
restrial biosphere model does not include insect- induced mortality; 
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however, the model's mortality rate can be separated into a baseline 
and drought- induced mortality components (Figure S10, black bars 
and grey bars, respectively). Estimates of the combined impact of 
drought- induced and insect- induced mortality (Figure S10, white bars) 
arise from the difference in baseline (pre- drought years) and 2015 
USGS aerial survey estimates of average mortality levels within hand 
delineated polygons. As the figure illustrates, over the mid- elevation 
regions (1000– 2200 m), where Western Pines and Fir/Cedars domi-
nate, combined drought-  and insect- induced mortality was estimated 
by the USGS to be around four times larger than ED2 predicted 
drought- induced mortality (Figure S10). In contrast, the model's mor-
tality rates at high elevations (>2200 m) exceed the USGS- derived 
combined drought- induced and insect- induced mortality rate esti-
mate, suggesting that the model is over- estimating drought- induced 
mortality in these areas. This over- estimation may reflect inaccuracies 
in the meteorological forcing at high elevations; however, more likely 
it reflects inaccuracies in the underlying physiological and morpholog-
ical parameterization of High Pine PFT in the ED2 model arising from 
the short observational time- series available to evaluate the model's 
carbon flux predictions at the Shorthair flux tower site.

4.4  |  Influences of ecosystem composition and 
structure on drought impacts

The impacts of the drought on the ecosystems of the Sierra Nevada 
Mountain study region were largest over the functionally diverse, 
high basal area mid- elevation areas, where there were marked 
reductions in carbon (Figures 8 and 9), water (Figure 10a) and 
AGB growth (Figure 11a). As noted earlier, this is consistent with 
Young et al.'s (2017) assessment of the Californian drought over 
the Southern Sierra Nevada mountains, which found that drier, 
denser forests were more vulnerable to extreme drought, due to 
increased competition for water (Young et al., 2017) resulting in 
an increased risk of cavitation and/or depletion of carbon reserves 
(see McDowell et al., 2008). As seen in Figure 12 and Table 4, for-
est structure (here specified from regional FIA measurements) was 
a strong predictor of drought- induced increases in AGB mortality, 
and decreases in NEP, GPP, transpiration and AGB growth and was 
a moderate predictor of drought- induced decreases in evaporation. 
In addition, although we found that elevation was generally a poor 
predictor of the drought's impact on ecosystem performance, it was 
correlated with the magnitude of mortality increases, a finding that 
is consistent with the findings of Restaino et al.'s (2019) analysis.

However, as Figure 12 also illustrates, the strength of drought 
impacts is also significantly affected by canopy composition. For 
example. Oak/Western Hardwood and Western Pine dominated 
areas are associated with large drought- induced decreases in car-
bon and water fluxes (Figure 12a,b,e), but with lower increases in 
AGB mortality (Figure 12c), whereas Fir/Cedar- dominated areas 
are associated with large drought- induced decreases in carbon and 
water fluxes, combined with large decreases in drought- induced 
AGB growth and increases in AGB mortality, indicating more 

susceptibility to drought. Ecosystem composition is a marginally 
stronger single predictor than ecosystem structure for the impacts 
of the drought on carbon fluxes, transpiration, and AGB growth and 
mortality (Table 4), a finding that accords with the results of Paz- 
Kagan et al. (2017), who found significant species- specific variation 
in the impacts of the drought across the Sierra Nevada elevation 
gradient.

Finally, as the results of the multivariate regressions illustrate 
(Table 4), the effects of structure and composition are largely ad-
ditive, and when combined, account for approximately 90% of the 
observed variation in drought impacts across the region. More gen-
erally, these findings provide impetus to refining and improving es-
timates of regional ecosystem composition and structure for use in 
both empirical and terrestrial biosphere model- based analyses such 
as this study. Studies of this kind could be used to identify locations 
which, due to their canopy composition and/or canopy structure, are 
likely to be particularly vulnerable to the impacts of droughts and 
other forms of climate extremes.

4.5  |  Implications and future work

This study shows how terrestrial biosphere models can use imag-
ing spectrometry derived estimates of current ecosystem compo-
sition to improve regional- scale predictions of carbon, water, and 
energy fluxes, and ecosystem dynamics. Accurate information on 
current ecosystem composition is critical for improving predictions 
of how terrestrial ecosystems are responding to climate variability 
and change. Traditional approaches, in which terrestrial biosphere 
simulations are initialized with output from a long- term equilibrium 
PV simulation, are problematic due to errors in climate forcing, the 
lack of adequate climate data and a lack of spatially resolved land- 
use and disturbance history information. For example, in the region 
analysed here, the history of fire disturbance, fire suppression and 
insect- induced mortality events are important drivers of differences 
in composition at the different elevations of the Sierra Nevada range 
(McKelvey et al., 1996; Schwartz et al., 2015; Taylor et al., 2016).

This study moves beyond approaches to specifying terrestrial 
ecosystem composition from global land cover products (e.g. Jung 
et al., 2007; Quaife et al., 2008) by (i) directly deriving regional PFTs 
from imaging spectrometry rather than linking land surface models 
with generic global land cover products; (ii) by differentiating ap-
propriate PFTs ranging from woody to non- woody plant types and 
(iii) by representing sub- pixel scale heterogeneity in ecosystem can-
opy composition through exploiting the imaging spectrometer's high 
spectral resolution capabilities. An interesting avenue for future 
research on the effects of composition on ecosystem responses to 
drought is determining the key traits or trait combinations that un-
derpin the differing responses of the PFTs across the domain.

This study also moves beyond the earlier imaging spectrometry- 
constrained terrestrial biosphere simulations of Antonarakis et al. 
(2014) in Four important ways. First, while Antonarakis et al. (2014) 
developed imaging spectrometry- constrained predictions for 
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~4 km2 area within a single temperate forest biome, in this study, 
we developed imaging- spectrometry constrained predictions over 
a 740 km2 region spanning a broad range of biome types, rang-
ing from tree- grass savannahs to high- elevation conifer  forests 
(Figure 4). This demonstrates the relevance of imaging spectrometry 
measurements for improving regional, and potentially global- scale, 
predictions of terrestrial ecosystem function. Second, in contrast 
to Antonarakis et al. (2014), that evaluated and analysed seasonal 
carbon flux predictions, this study evaluated and analysed a broader 
array of metrics of ecosystem function, including seasonal to inter- 
annual predictions of carbon, water and energy fluxes, and accom-
panying predictions of regional above- ground growth and mortality 
dynamics. Third, the analysis spanned a period of severe, region- 
wide drought, highlighting the relevance of imaging- spectrometry 
constrained terrestrial biosphere model simulations to calls for 
large- scale monitoring and forecasting of how ecosystems are im-
pacted by climate variability and change (Clark et al., 2001; Dietze, 
2017). Specifically, the findings of this study show the Californian 
drought of 2012– 2015 impacted the Southern Sierra forests by de-
creasing NEP and GPP by 85% and 40% (Figures 8 and 9), decreased 
evaporation and transpiration by 53% and 33% (Figure 10), increas-
ing sensible heat by 51% (Figure S8), decreasing growth by 71.5% 
(Figure 11a,b) and increasing mortality by 350% (Figure 11c,d).

Fourth, in contrast to the estimates of canopy composition 
used by Antonarakis et al. (2014) that were derived from high- 
resolution (6 m) imaging spectrometry measurements, the esti-
mates of fractional PFT- composition used in this analysis were 
derived from 18- m resolution imaging spectrometry measure-
ments (Bogan et al., 2019). The ability to constrain and improve 
terrestrial biosphere model predictions with coarser resolu-
tion imaging spectrometry measurements as demonstrated in 
this study implies that upcoming global, satellite- based imaging 
spectrometry missions, such as NASA's Surface Biology and 
Geology (SBG) mission (Cawse- Nicholson et al., 2021; NASEM, 
2018), Germany's Environmental Mapping and Analysis Program 
(EnMAP) (Guanter et al., 2015) and Japan's Hyper- spectral Imager 
SUIte (HISUI) (Matsunaga et al., 2017), can substantially improve 
regional, continental and global- scale predictions of terrestrial 
ecosystem function.

In addition to spatially-resolved information on ecosystem 
composition, accurate spatially-resolved information on ecosys-
tem structure is also critical for improving regional and global- 
scale predictions of how terrestrial ecosystems are responding 
to climate variability and change. In this analysis, information on 
canopy structure came from ground- based forest inventory mea-
surements; however, future investigations will be able to combine 
imaging spectrometry measurements with remote sensing- based 
estimates of forest structure, such as those from the GEDI (Global 
Ecosystem Dynamics Investigation) waveform lidar (Dubayah 
et al., 2014, 2020; Hancock et al., 2019), or from planned radar 
instruments, such as the NASA- ISRO Synthetic Aperture Radar 
(NISAR) (Rosen et al., 2015) and the European Space Agency's 
BIOMASS (P- band POLinSAR) mission (Le Toan et al., 2011), 

and the instrument(s) for NASA's high- resolution global Surface 
Topography and Vegetation (STV) Targeted Observable (NASEM, 
2018). A methodology for assimilating waveform lidar measure-
ments of canopy structure into terrestrial biosphere models has 
already been established (Antonarakis et al., 2014). In the case of 
radar, there is potential to use radar's interferometric capability, 
to determine canopy height profiles similar to those estimated by 
lidar (e.g. Treuhaft et al., 2009), Alternatively, radar- derived bio-
mass could also be used to adjust or correct the distribution of 
biomass derived from the spatially-extrapolated FIA plots in this 
study (i.e. Figure 4), as in Antonarakis et al. (2011).

Finally, in this study imaging spectrometry measurements were 
used to initialize ecosystem composition at the beginning of the sim-
ulation period. An important future step will be to use repeat imag-
ing spectrometry measurements to evaluate and improve terrestrial 
biosphere model predictions of regional and global- scale changes in 
ecosystem composition.
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APPENDIX 1

C ARBON , WATER AND ENERGY FLUXE S IN ED2
The ecosystem productivity (NEP) of the ecosystem is defined as the 
integral of the per plant net primary productivity (NPP) integrated 
over all plants within the grid cell, minus the heterotrophic respira-
tion, rh: 

where ni and p are defined as plant density of plant functional type i 
and distribution of gap ages, respectively. Carbon fluxes in Equation 
(A1) are calculated on a per- plant basis using the model of leaf- level 

carbon assimilation and water fluxes developed by Farquhar, Ball, 
Berry and others (Ball et al., 1986; Farquhar et al., 1980; Farquhar 
& Sharkey, 1982; von Caemmerer & Farquhar, 1981).

The instantaneous rates of net photosynthesis (Anet) and evap-
otranspiration (ET) (Ψnet) are influenced by water availability. 
Photosynthesis and ET are taken to be linear combinations of their 
rates under conditions of open (Ao Ψo) and closed (Ac Ψc) stomata, 
the weighting of being determined by a plant's water availability 
relative to its overall water demand:

where the open stomata weighting is given as a function of the plants 
water demand and the water availability:

where SLA is the plant's specific leaf area, Bleaf is the plant's leaf bio-
mass, Wavail,tot is the total amount of water accessible to the plant, given 
its rooting depth Broot is the plant's root biomass and Kw is the conduc-
tivity of water and is a constant. The leaf- level demand of photosyn-
thesis is given by:

where �Vm represents leaf respiration at the plant level, Vm

(

Tv
)

 is the 
maximum capacity of Rubisco to perform the carboxylase function 
at a given temperature and � is proportionality constant. In the fall, 
photosynthesis is ramped down according to the available active leaf 
area, or phenology. The light limited (Je) and Rubisco limited (Jc) rate of 
photosynthesis is given by:

where α is the quantum efficiency, PARv is the PAR absorbed by the 
vegetation layer, Cinter is the intercellular CO2 concentration, and Γ is 
the compensation point for gross photosynthesis directly related to 
the temperature, and K1 and K2 are the Michaelis– Menten coefficients 
for CO2 and O2, respectively. The intercellular boundary layer is di-
rectly related to the boundary mixing ratios for H2O and CO2 following 
Monteith (1973) and Leuning et al. (1995):

(A1)CanopyNEP = ∫
a

⎛

⎜

⎜

⎝

∫
z

�

NPP(i)
(z, a)

�

∗ ni (z, a) dz − rh(a)

⎞

⎟

⎟

⎠

p (a) da

(A2)Anet = fo,wAo +
(

1− fo,w
)

Ac

(A3)Ψnet = fo,wΨo +
(

1− fo,w
)

Ψc

(A4)

fo,w =
1

1 +
Demand

Supply

, Demand = ΨoSLA ⋅ Bleaf, Supply = KwWavail,totBroot

Ao = min
(

Je, Jc
)

− �Vm

(

Tv
)

for open stomata

(A5)Ao = − �Vm

(

Tv
)

for closed stomata

(A6)Je = �PARv

Cinter − Γ

Cinter + 2Γ
and Jc =

Vm

(

Tv
) (

Cinter − Γ
)

Cinter + K1

(

1 + K2

)

(A7)Cinter = CS −
Ao

1.6gsw
and eL = eS +

Ψo

gsw
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where gsw is the stomatal conductance for water dependent on 
whether the stomata are open or closed, CS and eS are the CO2 and 
H2O concentrations within the leaf boundary layer both related 
to the boundary layer conductance of water from free and forced 
convection.

The plant level NPP is then calculated as:

where Broot and Bstorage are the size of the plant's fine- root and storage 
carbon pools and �root and �storage are their respiration rates per unit 
mass.

The decomposition fluxes (rh) are based on the model of Parton 
et al. (1987). The process described here is at the per area level. For 
fast pool decomposition:

where k2 is a rate constant defining the fast carbon pool (Cf) and A is 
the product of two functions f(xw) and f(T) whose values vary between 
0 and 1, that, respectively, account for the temperature and moisture 
dependence of heterotrophic respiration. The moisture dependency 
f(xw) is given as:

and the temperature dependence of A is given as:

where xW is the soil moisture, Wopt is the optimum soil moisture for 
decomposition, w1 and w2 are shape parameters for the moisture de-
pendence of heterotrophic respiration, Q10 determines the response of 
decomposition to soil temperature and T is the temperature in Kelvin. 
The structural pool decomposition flux is defined as:

Here, k1 is a rate constant setting the residence time of the struc-
tural pool Cs,struct, and Lc is the amount of lignin transferred out of the 
structural pool. Finally, the slow pool has a decomposition rate of:

The net decomposition rate or total heterotrophic respiration is 
given by:

APPENDIX 2

CHANG E S IN SENSIBLE HE AT FLUXE S
Regional patterns of predicted sensible heat fluxes are shown in 
Figure S8. In 2010 and 2011, prior to the onset of the drought, at 
low-  to mid- elevations (<2000 m), the spatial pattern of sensible 
heat (Figure S8a,b) is relatively uniform varying between 45 and 
50 W m−2. At higher elevations (above 2000 m), sensible heat is 
more variable with fluxes of <35 W m−2 in the areas of bare rock 
that are found in the northern parts of transect, but higher sensible 
heat fluxes of >55 W m−2 in high- elevation forested areas (compare 
Figure 4 and Figure S8b).

Coincident with the large declines in transpiration and evapo-
ration described earlier (see Figure 10), following the onset of the 
drought, sensible heat flux (H) increases across the region by 52% 
from 46 to 70 W m−2. As would be expected given the larger de-
clines in transpiration that occur at mid- elevations (1000– 2200 m; 
Figure 10a,b), mid- elevation H increases by 60% from 45.5 to 
73 W m−2, whereas at low- elevations <1000 m H increases by 45% 
from 47.75 to 69.2 W m−2. At higher elevations (above 2000 m) sen-
sible heat in the areas of bare rock that are found in the northern 
parts of transect increases by 80% from 38.5 to 69.5 W m−2, with 
high- elevation forested areas increasing by 45%– 50% similar to low 
elevation increases.

APPENDIX 3

SOURCE S OF ERROR IN THE REG IONAL S IMUL ATIONS
The impacts of the regional composition and structure estimates 
on the accuracy the of regional predictions of carbon and water 
fluxes was assessed at the four flux tower sites by comparing the 
model's GPP, NEP and ET predictions between simulations forced 
with observed site- level meteorology (OBS), and initialized with 
either: (i) site- level ground- based measurements of structure, (ii) 
imaging spectrometry- based composition and site- level ground- 
based measurements of structure; or (iii) imaging spectrometry- 
based composition and FIA- based structure. As seen in Figure S6, 
the seasonal patterns of carbon and water fluxes obtained from 
these different estimates of ecosystem composition and structure 
are generally similar (compare pink, blue and red lines, respec-
tively). Close examination of GPP seasonality (Figure S6e– h) shows 
that use of the imaging spectrometry- based composition and FIA- 
based estimates of structure (IS:FIA:OBS, pink lines) compared 
with imaging spectrometry- based composition and ground- based 
estimates of structure (IS:GND:OBS, blue lines) and ground- based 
initialization (GND:GND:OBS, red lines), results in lower peaks in 
summertime GPP at SJER, and higher summertime peaks in GPP 
at P301 and Shorthair. These differences in summertime GPP 
are also reflected in lower (SJER) or higher (P301 and Shorthair) 
peaks in summertime NEP (Figure S6i– l). Similarly, differences in 
water fluxes between the simulations were small (Figure S6m– p). 
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i
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i
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i
− �storage Bstorage

i
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(A11)f (T) = exp
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logQ10

10
(T − 318.15)

]

(A12)Fst,decomp = ALck1Cs,structfstd

(A13)Fsl,decomp = Ak3Cs,slow

(A14)rh = Ff,decomp+Fst,decomp+Fsl,decomp
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Simulations with imaging spectrometry- based composition and 
ground- based structure (IS:GND:OBS, blue lines) marginally in-
creased summertime ET compared with ground- based initialization 
(GND:GND:OBS, red lines), whereas the simulations with imag-
ing spectrometry- based composition and FIA- based estimates of 
structure (IS:FIA:OBS, pink lines) had marginally lower summertime 
ET peaks. However, in all three simulations the seasonality of ET 
was offset from the observations: the summertime peaks in ET oc-
curred 1- month in advance of observations at SJER, Soaproot and 
P301, and 2 months in advance at Shorthair (blue, red and pink 
lines in Figure S6m– p).

Comparison of the incremental changes in the root- mean- 
squared deviations (RMSDs) of the annual GPP, NEP and ET pre-
dictions between the simulation configurations (i)- (iii) described 
above indicates only small differences in the predictions between 
the simulations (Table S1). The root mean square error (RMSE) 
ranges for GPP, NEP and ET predictions of the ground- based ini-
tialization (GND:GND:OBS) were 0.019– 0.028 kgC m−2 month−1, 
0.022– 0.028 kgC m−2 month−1, and 19– 29 mm month−1, re-
spectively (Table S1). Replacing the ground- based composition 
with the imaging spectrometry- based composition estimate 
(i.e. IS:GND:OBS vs. GND:GND:OBS) yielded GPP RMSDs of 
0.002– 0.009 kgC m−2 month−1 and NEP RMSDs of 0.002– 
0.010 kgC m−2 month−1 (Table S1). Replacing the ground- based 

estimate of structure with FIA- based structure (i.e. IS:FIA:OBS vs. 
IS:GND:OBS) resulted in generally higher RMSDs (GPP: 0.007– 
0.014 kgC m−2 month−1; NEP 0.004– 0.012 kgC m−2 month−1; ET 
3– 9 mm month−1 Table S1).

In a similar manner, we assessed the impacts of the regional 
meteorological forcing on the accuracy of the model's predictions 
by comparing simulations at the four flux tower sites initialized 
with imaging spectrometry- based composition and FIA- based 
structure forced with the NLDAS regional meteorology to equiv-
alent simulations forced with the observed meteorological avail-
able at these sites. The use of NLDAS forcing increased the error 
in carbon flux predictions most notably during the summer and 
autumn months of 2012– 2014 at Soaproot and P301 [Figure S6, 
compare green and pink lines, respectively, in panels (e– h; GPP) 
and panels (i– l; NEP)]. Compared with the initializations with ob-
served meteorology (IS:FIA:OBS), the simulations with regional 
meteorology (IS:FIA:NLDAS) resulted in annual GPP RMSDs 
of 0.010, 0.041, 0.040 and 0.014 kgC m−2 month−1 and NEP 
RMSDs 0.012, 0.031, 0.042 and 0.015 kgC m−2 month−1 at SJER, 
Soaproot, P301, and Shorthair, respectively (Table S1). This also 
resulted in higher RMSDs for annual ET of 19, 23, 23 and 13 mm 
month−1 at SJER, Soaproot, P301 and Shorthair, respectively, 
compared with equivalent initializations with observed meteor-
ology (Table S1).
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