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ABSTRACT 

Carbon dioxide, a greenhouse gas, traps heat in the atmosphere, causing the planet to warm. 

The rate at which plants take up atmospheric carbon dioxide depends on climatic and biophysical 

factors, including soil moisture, atmospheric demand, and drought. Climate models disagree on 

the magnitude and trend in the terrestrial carbon sink. Accurate assessment of the role of 

terrestrial plants in the carbon cycle is essential to predicting the degree of future climate change. 

Drought impacts on the carbon cycle are driven by the cascading impacts of leaf-level 

physiological responses to limit water loss. Dryland ecosystems like those in the Southwest 

(southwest United States and northwest Mexico) are an exemplary location to study drought 

impacts on the carbon cycle due to persistent water limitation and associated tight coupling 

between hydrologic and carbon cycles. Furthermore, future climate projections suggest more 

frequent and intense drought in the world’s water-limited regions. My dissertation research 

improves understanding of coupled carbon and water cycles in dryland ecosystems, and informs 

predictions of vegetation response to future climate conditions. Using a combination of remotely 

sensed and gas exchange data, I explore drought impacts on plant productivity and carbon uptake 

in water-limited systems across spatial and temporal scales. The studies contained in this 

dissertation address three key knowledge gaps: 1) the effects of drought timing on vegetation and 

ecosystem processes, 2) relationships between leaf-level spectral and physiological properties, 

and 3) impacts of climate variability on coupled carbon and hydrologic cycles and associated 

predictions of regional and global carbon dynamics. First, I investigate how the intra-annual 

timing of drought in the Southwest influences the productivity of grasslands, shrublands, and 

forests. This study underscores the importance of sub-annual droughts in dryland carbon uptake 
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dynamics and identifies the critical climate period for Southwest forests, shrublands and 

grasslands during which climate conditions disproportionately impact annual carbon uptake. 

Second, I establish a link between spectral measures of productivity and photosynthetic capacity 

at the leaf level in the context of a field experiment. This experiment compared hyperspectral 

imagery with photosynthetic capacity estimated from leaf gas exchange measurements.  

Performed during a mid-summer period with low rainfall and associated reductions in 

photosynthetic capacity, the results of this experiment suggest that spectrally-derived estimates 

of photosynthetic capacity are robust to within-season temporal variation. Thirdly, I upscale 

ecosystem-level eddy covariance observations to the Southwest region to assess drought impacts 

on regional carbon uptake using machine learning techniques. The results of this study highlight 

the crucial importance of accounting for water balance and drought dynamics in studies of 

carbon uptake in water-limited ecosystems. The application of the derived algorithm to the 

global scale suggests that the inclusion of intra- and inter- annual drought metrics can improve 

modeled interannual variability in global carbon uptake. Soil moisture is a key control on 

vegetation productivity and carbon uptake in dryland ecosystems, and  I use drought indices and 

meteorological variables as proxies for soil moisture dynamics in this research. Collectively, my 

work is showing how the timing and intensity of drought impacts carbon uptake and vegetation 

productivity in dryland ecosystems. This cross-scale approach provides new insights into drought 

impacts on vegetation productivity and biosphere-atmosphere interactions in drylands.  Overall, 

improved representation of the spatial and temporal dynamics of interactions between drought 

and carbon in drylands will lead to better projections of future water and carbon cycling and the 

magnitude and speed of global climate change. 
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CHAPTER 1: INTRODUCTION 

Plants, Carbon, and Water 

Photosynthesis by terrestrial plants plays a crucial role in global and regional carbon 

cycling (Bonan, 2008; Foley et al., 1996; Zaehle & Friend, 2010). Carbon dioxide (CO2), a 

greenhouse gas, traps heat in the atmosphere, causing the planet to warm (Hansen et al., 1981; 

Solomon et al., 2009). The burning of fossil fuels like coal, oil, and gas, along with clearing and 

burning of forests are the primary contributors to increased CO2 concentrations, which have been 

steadily rising since the industrial revolution in the late 18th century (Solomon et al., 2009). The 

imbalance between the amount of CO2 that plants take up out of the atmosphere and the 

relatively small amount of CO2 released through respiration is called the terrestrial carbon sink. 

Globally, photosynthesis in the terrestrial biosphere offsets 25-30% of anthropogenic carbon 

emissions every year (Quéré et al., 2018). The terrestrial carbon sink varies widely from year to 

year due to multiple interacting factors including climate conditions (Cao & Woodward, 1998; 

Frank et al., 2015; Schimel et al., 2000; Xia et al., 2014), water and nutrient availability (Nijp et 

al., 2014; Reich et al., 2014), and plant physiological properties (Keenan et al., 2013; Morecroft 

et al., 2003). Accurate assessment of the role of terrestrial plants in the global carbon cycle is 

essential to predicting the degree of future climate change (Schimel, 1995). 

Biogeochemical and hydrologic cycles are closely coupled across spatial and temporal 

scales. Water flows from the soil to the root as a liquid carrying dissolved nutrients, travels 

through plant roots, apoplastic and symplastic pathways, plant xylem, across bundle sheath cells 

surrounding leaf veins, and into leaf cells, all along negative pressure gradients. Water then 

evaporates from the leaf cell surface as atmospheric water vapor. This concept of the Soil-Plant-
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Atmosphere Continuum (SPAC; Philip, 1966) provides a holistic perspective on plant-water 

relations that is rooted in thermodynamic principles and mass flows. Transpiration, loss of water 

from plants to the atmosphere as vapor, is a fundamental component of the hydrologic cycle. Dry 

air in the atmosphere creates the gradient that drives transpiration and allows vertical transport of 

water through the xylem against the forces of gravity. Additionally, cohesive forces between 

polar water molecules maintain the continuity of the water column as it moves through the xylem 

(Dixon, 1914). In photosynthetically active plants, water continuously evaporates from leaf 

surfaces, resulting in an up to 95% loss of water absorbed by plant roots. If plants lose too much 

water, they could face dehydration, water deficit stress (Hsiao, 1973), and xylem cavitation 

(Tyree & Sperry, 1989). Plants control water loss by changing the size of their stomata, 

microscopic pores on abaxial and, less commonly, adaxial leaf surfaces (Lange et al., 1971). 

Stomata regulate gas exchange between the insides of leaves and the atmosphere.  

Stomatal optimization theory is rooted in evolutionary principles; natural selection 

minimizes costs while maximizing gains. This dominant theory of stomatal behavior postulates 

that stomata function to maximize carbon uptake only up to the point where carbon gain is 

outweighed by the cost of water loss (Cowan & Farquhar, 1977).  Plant stomata are the interface 

between the carbon and hydrologic cycles in terrestrial plants (Jones, 1998). During 

photosynthesis, light energy drives a series of chemical reactions resulting in the fixation of 

atmospheric CO2 into bioavailable carbohydrates. At the same time that CO2 enters the leaf 

through stomata along diffusive gradients, water vapor also escapes from the leaf. Plants cannot 

discriminate between CO2 and water vapor - when stomata are open, plants lose water vapor 

much more quickly than they gain carbon.  This presents a fundamental tradeoff in plant 
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physiology - the tradeoff between plant carbon gain and water loss. Plants can quickly change 

the degree of stomatal aperture to control the rate of gas exchange between the air and the leaf 

(Lange et al., 1971), measured as stomatal conductance. During periods of water stress, stomatal 

conductance is controlled by both the hydraulic limitations of the plant (Fuchs & Livingston, 

2006) and atmospheric demand for water vapor (Franks et al., 1997; Franks  & Farquhar, 2002) . 

Evaporative demand on the plant increases exponentially with temperature, such that higher 

temperatures increase leaf water loss. Additionally, water inside the leaf heats up faster than the 

surrounding air, increasing the gradient in water vapor concentration between the leaf and the air 

and increasing water loss. Reduced stomatal conductance to avoid water loss is a common 

response to reduced water availability (Buckley, 2005), which necessarily results in reduced 

carbon uptake during drought (Farquhar & Sharkey, 1982). 

Stomatal optimization theory has received recent attention (Lin et al., 2015; Medlyn, 

2011), including potential changes to stomatal function as drought effects become pronounced 

(Novick et al., 2016; Wolf et al., 2016). While direct observations of the sensitivity of water loss 

to carbon gain are relatively rare, there is substantial variation among species (Wolz et al., 2017). 

It has been suggested using optimal stomatal theory that differences in stomatal function between 

plant functional types could be explained by the differences in the marginal carbon cost of water 

use across climates (Lin et al., 2015).   Plants are fundamentally constrained by two opposing 

requirements: carbon gain and water loss, and these dynamics influence plant carbon cycling 

across spatial and temporal scales. This is likely to be a particularly important tradeoff to 

consider in arid and semi-arid regions.  
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Drought and Drylands  

Droughts are projected to become more severe and frequent in the future due to a 

combination of rising temperatures,  associated evaporative demand, and changing precipitation 

patterns (Burke et al., 2006; Dai, 2011, 2013). In the context of drought, the impacts of water 

limitation and atmospheric demand on plant stomata influence carbon cycling from the leaf scale 

(Hari et al., 1986; Jarvis, 1976; Tyree & Sperry, 1988) to ecosystem (Katul et al., 2010; Leuning, 

1995; N. McDowell et al., 2008; Medlyn, 2011) and global scales (Ma et al., 2016; Poulter et al., 

2014). As the consequences of water loss become direr during drought, the physiologically 

mediated balance between carbon gain and water loss necessarily shifts towards reducing 

excessive water loss. If increased temperatures and vapor pressure deficit persist for a prolonged 

period of time, plant inability to perform photosynthesis can result in reduced production (N. 

McDowell et al., 2008; Sala et al., 2010) and eventual carbon starvation (McDowell et al., 2010). 

If a plant keeps its stomata open in order to perform photosynthesis despite high VPD, it may 

result in desiccation due to moisture loss via transpiration (Breshears et al., 2013; Will et al., 

2013). As the duration or intensity of droughts increases, the impacts of reduced stomatal 

conductance on carbon uptake can propagate to longer timescales and larger spatial domains.  

Dryland ecosystems, which feature tight coupling between hydrologic and carbon cycles, 

and high spatial and temporal heterogeneity, are an ideal system to conduct research that informs 

predictions of drought impacts on the carbon cycle. Drylands are defined by low inputs of mean 

annual precipitation relative to mean potential evapotranspiration losses (MEA 2005). Dryland 

ecosystems are widely distributed throughout the world, occupying 40% of global land area 

(Wang et al., 2015). Water is the most common limitation to dryland vegetation productivity 
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(Ehleringer et al., 1999; Noy-Meir, 1973) and thus dryland plants are highly sensitive to 

variations in water availability (Loik et al., 2004). Intense selection pressure to reduce water loss 

results in tight coupling of biogeochemical and hydrological processes in drylands (Wang et al., 

2015) which can manifest in ‘flashy’ ecosystem responses: rapid carbon uptake and growth in 

response to moisture pulses (Lauenroth & Bradford, 2009; Schwinning & Sala, 2004)). Water-

limited ecological processes such as vegetation carbon uptake and growth are driven by 

precipitation inputs, which can be highly temporally variable in drylands. The seasonality of 

precipitation and form of precipitation (snow vs. rain) are important determinants of 

biogeographic patterns of vegetation cover (Comstock & Ehleringer, 1992; Miller, 2005). 

Another feature of drylands is high interannual variability in rainfall, (Reynolds et al. 2007) 

which impacts the composition and productivity of dryland ecosystems (Weltzin et al., 2003). 

Spatial heterogeneity is another defining attribute of dryland systems, driven by interactions 

between plants and soils that lead to strong positive feedbacks between patchy soil resources and 

vegetation patterns (Aguiar & Sala, 1999). Further understanding of the spatial and temporal 

dynamics of interactions between drought, atmospheric demand, and carbon in drylands will help 

predict how projected climate change will influence future water and carbon cycling.   

Motivation and Questions 

The speed and degree of future warming depends on the trend, interannual variability, 

and magnitude of the global carbon sink. Biological and physical responses to climate change are 

necessarily informed by land surface models that incorporate representations of interactions and 

fluxes between earth’s dynamic spheres (Sellers et al., 1997). The projected future terrestrial 

carbon sink varies considerably depending on which land surface model makes the projection 
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(Friedlingstein et al., 2013). An important component of this variation in model projections is 

related to carbon uptake response to temperature, precipitation and soil moisture (Shao et al., 

2013). Dryland ecosystems disproportionately impact both the trend and the interannual 

variability in the global terrestrial carbon sink (Ahlström et al., 2015; Poulter et al., 2014),  likely 

due to their sensitivity to drought and wide spatial coverage globally (Huang et al., 2015). 

Therefore, a better accounting of drought impacts on dryland carbon dynamics is necessary to 

improve predictions of vegetation response to climate change. 

Drought duration, intensity, and frequency in many dryland regions such as the 

Southwest are expected to increase with human-induced climate change (Cook et al., 2015). 

Already, the early 21st century has brought prolonged drought, warm temperatures, and extreme 

rainfall events to the Southwest (Easterling et al., 2000; MacDonald, 2010). Warm drought 

conditions caused widespread mortality in Southwest forests (Allen et al., 2010; Breshears et al., 

2005), and widespread changes in ecosystem composition in shrublands (Archer et al., 2017) and 

grasslands (Scott et al. 2010). Globally, land and water resources in dryland ecosystems have 

been strained by rapidly expanding populations (Wang et al., 2015). Furthermore, many drylands 

are facing water scarcity resulting from unsustainable resource use and changing climate (i.e. 

extreme drought, increased atmospheric demand, altered precipitation regimes). The causes of 

human-induced land degradation are complex and degradation is accelerating in drylands 

worldwide (MEA 2005). A better understanding of hydro-biogeochemical linkages are necessary 

to manage vulnerable dryland ecosystems in the face of anthropogenic and climatic pressures 

(Wang et al., 2015). 
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Recognizing that predictions of vegetation response to future drought conditions in 

drylands are critical to the maintenance of ecosystems and human societies, I designed my 

dissertation research to address this crucial challenge. Better predictions of vegetation response 

to projected future climate conditions will allow managers and scientists to adopt practices that 

preserve dryland ecosystem function and structure.  Non-linear interactions between ecosystem 

patterns and processes occurring at multiple spatial scales are a defining trait of dryland 

ecosystems (Peters et al., 2004). Understanding the influence of fine-scale processes on broad 

scale patterns requires cross-scale observations in drylands (Browning et al., 2012). Therefore, I 

designed my dissertation research to address the impact of water limitation on carbon uptake 

across spatial and temporal scales using a combination of remote sensing and gas exchange 

techniques. My dissertation research addresses three unanswered questions in the literature: 

1) How does drought timing impact interannual variability in ecosystem carbon 

uptake?  

2) Do estimates of photosynthetic capacity derived from leaf-level spectra change 

across the growing season?  

3) Do inter- and intra-annual water-limitation dynamics predictably influence 

vegetation productivity and carbon uptake across Southwest and global drylands?  



22 

 

CHAPTER 2: THE PRESENT STUDY 

 This dissertation consists of three research projects described in appendices A, B, and C. 

Each appendix is written in the form of a scientific paper for publication in which I am the first 

and corresponding author. The first two chapters have been published in scientific journals 

(Ecosphere and PLOS One, respectively), and the third is intended for submission to a letters 

format journal (e.g. Geophysical Research Letters, Ecology Letters, Nature Plants). The 

colleagues included as coauthors on these manuscripts have provided important input throughout 

the process of conducting these studies, however I am responsible for the primary role in 

research design, analysis, interpretation, and writing of each of the three manuscripts. Below are 

brief summaries and excerpts of each appendix. The purpose of this chapter is to clarify my role 

in the study, and outline the context, approach, and key findings of each appendix.  

Vegetation Response to Drought Timing 

 SUMMARY OF BARNES ET AL. 2016 (ECOSPHERE) 

My first dissertation study assessed the impacts of climate variability, specifically 

drought timing, on semi-arid ecosystems across the Southwest, including grasslands, 

shrublands, and mixed-evergreen coniferous forests. Combining remotely sensed data 

from satellites with in situ data from eddy covariance flux towers uncovered powerful 

convergences in ecosystem response to changing climate. This study identified the 

critical sub-annual climate periods during which vegetation growth was strongly affected 

by climate variability - Southwest forests were most strongly affected by climate 

conditions from January to July, while shrublands and grasslands were influenced by 

climate from June to August. 
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We expected that different biomes (forests, shrublands, and grasslands) would have 

different relative sensitivities to climate drivers (precipitation and temperature). Specifically, we 

expected that forests would be more impacted by winter precipitation, while grasslands would be 

more impacted by summer precipitation.  This is because deep-rooted forests use the moisture 

from melting snow, and therefore winter precipitation is key to their growth. Grasslands have 

shallow roots systems and the capacity to respond rapidly to strong rainfall events. We expected 

that grasslands would depend on summer precipitation. We tested this hypothesis at eight sites 

using NASA MODIS Enhanced Vegetation Index (EVI) time series data from 2001 to 2013. We 

also used data from eddy covariance towers at all sites to understand the mechanisms behind the 

broader-scale patterns in vegetation detectable from satellites. We found that all biomes had 

critical sub-annual climate periods that influenced annual vegetation production. This means that 

annual ecosystem productivity responded to sub-annual precipitation and temperature rather than 

annual rainfall and temperature averages. In forests, annual peak greenness was most strongly 

influenced by winter precipitation, and negatively impacted by warm summer temperatures. In 

grasslands, annual carbon uptake was sensitive to precipitation and temperature only in three 

months of the year: July, August and September. This is consistent with our hypotheses and 

shows that timing is very important in predicting vegetation response to drought. If a winter 

drought occurs in a grassland, the ecosystem might not have any reduction in vegetation 

production if summer precipitation is normal. In forests, on the other hand, a winter drought 

could strongly reduce vegetation growth for the rest of the year. 

Understanding the empirical relationships underlying these ecosystem functional 

responses provided further insight into the sub-annual climate dynamics. We focused here on 
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inter- and intra- annual changes in Gross Ecosystem Productivity (GEP) and ecosystem 

phenology as ecological mechanisms. Site-level GEP correlations with climate drivers indicated 

that forest production was driven by cool season precipitation but constrained by high warm 

season temperatures. In shrublands and grasslands, production was driven by summer 

precipitation and constrained by high warm season temperatures. Grasslands and shrublands 

operated at similar dominant timescales, though the timescale for grasslands was slightly longer 

than that of shrublands (3 months vs. 2 months). Compared to other biomes, grasslands respond 

quickly to even small precipitation events through rapid carbon upregulation and regrowth. This 

quick response may allow them to be more responsive to late growing season precipitation, thus 

explaining the longer time scale. Grassland and shrubland production were both constrained by 

high vapor pressure deficit (VPD) and temperature. However, they differed subtly: in grasslands, 

the negative effect of high VPD and temperature was strongest early in the growing season in 

July, while in shrublands, the negative effect of high VPD and temperature was strong 

throughout the dominant timescale (July–August). Small increases in temperature have an 

exponential effect on VPD, which is reflected in the strong negative correlation between VPD 

and peak GEP (GEPMAXs) throughout the dominant timescale for all biomes. 

In studies of Southwest plant communities during the 21st century drought, research has 

predominantly focused on the effects of reduced precipitation on growth. Our work shows that 

there are critical sub-annual climate periods during which precipitation and temperature interact 

to influence vegetation production across biomes. This indicates that the interaction between 

precipitation and temperature impacts plant communities across biomes in the Southwest. Our 

results underscore the need to integrate the effect of temperature on the water balance in models 
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of interannual production, even in ecosystems commonly thought to be largely influenced by 

precipitation, such as grasslands. In addition, our results demonstrate the importance of the intra-

annual dynamics of climate drivers. Peak production was related to sub-annual Standardized 

Precipitation Evapotranspiration Index (SPEI) in forests, shrublands, and grasslands, suggesting 

that intra-annual climate dynamics, rather than annual conditions, influence growth. 

Furthermore, our results indicate that ecosystem phenology is an important factor in assessing 

the impact of drought on productivity. A revisit of drought conditions at the dominant timescale 

indicated that Southwest forests have suffered more severe drought than shrublands or 

grasslands, which may further explain the decline of Southwest forests during the 21st century 

drought. Overall, an improved understanding of interannual variability in production across 

biomes was provided by the inclusion of the effect of temperature on the water balance and the 

consideration of the dominant timescale. 

In this study, I synthesized flux data from 10 eddy covariance tower sites, obtained 

meteorological information, calculated drought indices, calculated integrated metrics from 

satellite vegetation indices, and performed statistical analysis to calculate the critical climate 

period for different ecosystem types. I also interpreted the results, formed the conclusions, and 

wrote the paper. 

Temporal Stability of Hyperspectral Reflectance-Photosynthetic Capacity Relationships 

SUMMARY OF BARNES ET AL. 2017 (PLOSONE) 

 

In Appendix A, I explored the temporal and spatial controls on GPP by analyzing satellite 

remote sensing data and eddy covariance estimates separately to discern relationships between 

intra-annual climate and productivity. Investigation of climate drivers at multiple temporal scales 

uncovered biome-specific sub-annual climate periods during climate conditions dominantly 
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influenced ecosystem productivity. This work highlighted the potential power of integrating flux 

observations and spectral measurements to create spatially and temporally continuous estimates 

of GPP. In Appendix B, I develop this idea by investigating a more advanced spectral technique; 

hyperspectral leaf reflectance. By utilizing the full reflectance spectrum, this technique allows 

for estimates of physiological processes at the leaf scale including photosynthetic capacity. This 

technique could help us understand the drivers of changes in photosynthetic capacity through 

time at a broad spatial scale, however first I needed to establish the connection between 

physiological parameters and hyperspectral reflectance at a fine spatial scale 

 In this study, we evaluated the ability of hyperspectral data to represent and predict 

within-season temporal variation in maximum rate of RuBP carboxylation (Vcmax) and 

regeneration (Jmax) and examined the influence of water stress on the robustness of these 

estimates of photosynthetic capacity. We compared leaf reflectance spectra from hybrid poplar 

(Populus spp.) to Vcmax and Jmax estimates throughout a 7-week period in the middle part of the 

growing season. On sampling dates, we measured predawn leaf water potential (Ψpd), leaf gas 

exchange, and hyperspectral leaf reflectance for each tree.  

 Our results show that hyperspectral leaf reflectance can predict photosynthetic parameters 

across time, suggesting that these hyperspectral remote sensing techniques have great potential to 

constrain model estimates of plant function. In this study, relationships between leaf reflectance 

spectra and photosynthetic capacity were robust throughout a 7-week period with dynamic 

change in photosynthetic capacity. Hyperspectral vegetation indices to estimate chlorophyll 

content were correlated with the key determinants of photosynthetic capacity, Vcmax and Jmax. 

Predictions of Vcmax and Jmax from Partial Least Squares Regression (PLSR) models derived from 
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leaf reflectance spectra were proportionally-sensitive to observed variation in Vcmax and Jmax. 

These results support our hypothesis that PLSR models that utilize the full spectrum can predict 

photosynthetic capacity through time. Furthermore, known hyperspectral indices were robust to 

temporal variation in photosynthetic capacity. These findings highlight the potential of 

hyperspectral remote sensing methods to accurately predict Vcmax and Jmax despite dynamic 

temporal variation in photosynthetic capacity related to within-season variation and plant stress. 

Known hyperspectral vegetation indices had varying predictive capabilities. Hyperspectral 

vegetation indices developed for estimating chlorophyll content (e.g. SR1, Double Difference, 

Vogelmann 1) and plant stress (SRCarter) had the highest correlations with plant photosynthetic 

capacity. The wavelengths that explained variance in photosynthetic capacity in the PLSR 

models (based on selectivity ratio) were consistent with the wavelengths that comprised the best-

performing hyperspectral indices.  

  Our results show that relationships between photosynthetic capacity and leaf reflectance 

spectra developed from limited data can in some cases be extrapolated temporally. While 

possible that the declines in photosynthetic capacity were caused by stomatal closure (Sharkey et 

al. 1984), correlations between spectral data in the chlorophyll-related spectral regions and 

photosynthetic capacity support a longer-term drought stress response. These results highlight 

the potential of hyperspectral remote sensing methods to detect dynamic temporal variations in 

Vcmax and Jmax related to seasonality and plant stress, thereby aiding improved estimates of plant 

productivity and associated carbon budget. Furthermore, our results suggest that terrestrial 

biosphere models could use hyperspectral remote sensing to parameterize Vcmax and Jmax within 

season to improve predictions of future carbon dynamics. Reliable and precise methods to 
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estimate Vcmax and Jmax across spatial and temporal scales will improve understanding of 

ecosystem carbon uptake and the terrestrial carbon sink. 

 I conceived the idea for this study, established research questions and hypotheses, and 

designed and conducted the field experiment at the poplar plantation. Along with two field 

assistants and Darin Law, I obtained all pre-dawn water potential measurements, hyperspectral 

indices, and gas exchange curves. I was responsible for estimation of Vcmax and Jmax, I was 

responsible for calculation and analysis of hyperspectral indices, and performing PLSR 

regression. I interpreted the results, made the conclusions, and wrote the manuscript.  

Drought Impacts on Dryland Carbon Uptake 

 

Having established the links between climate, photosynthetic flux and spectral 

reflectance in arid environments at the leaf and ecosystem scales in the first two 

appendices, this enables me to investigate the effects of variation in moisture availability 

across space and time by fusing eddy flux observations with climate and satellite remote 

sensing. While other teams have fused similar datasets, these previous efforts were global 

in scale and based primarily on more mesic ecosystems. As a result, they may have 

underestimated the impacts of linkages between photosynthetic carbon gain and water on 

regional and global carbon dynamics. In Appendix C, I evaluate the links between GPP 

and moisture availability throughout the Southwest United States and use this insight to 

estimate GPP across dryland regions worldwide. This approach utilizes the advantages of 

eddy covariance and satellite remote sensing to create the first global estimate of dryland 

productivity that is specifically designed to represent the unique challenges of ecosystems 
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that face high intra- and inter-annual variation in moisture availability and are spatially 

heterogeneous in both vegetation cover and topographically driven climate.  

In this study, I utilize machine learning techniques to upscale eddy covariance estimates 

of GPP to the Southwest regional scale using remotely sensed inputs and gridded meteorological 

data. I present a DryFlux, a new remote sensing based estimation of dryland carbon dioxide 

uptake (gross primary productivity; GPP). Our machine learning model was driven by a dense 

network of eddy covariance sites spanning dryland ecosystem types and climate spaces (i.e. a 

gradient from winter to summer dominated precipitation regimes and mean annual precipitation 

range from 100 mm to 700 mm), and included a multiscalar drought index (SPEI) as a predictor. 

In Appendix A, we demonstrated that SPEI could discern climate controls on carbon uptake 

across Southwest ecosystem types. In this study, we use the SPEI at multiple temporal scales to 

account for both short- (i.e. monthly) and long-term (i.e. annual) ecosystem water balance. Our 

approach consisted of two main components: first we derived relationships between climate and 

vegetation predictors and GPP from flux towers using machine learning algorithms, and second, 

we applied the derived algorithm to remotely sensed data inputs to generate monthly wall-to-wall 

carbon uptake estimates from 2000-2015 at a 1-km spatial resolution. We compare our DryFlux 

product to Fluxcom (Jung et al., 2017), an existing global upscaled GPP product. 

Improved characterization of intra- and inter-annual drought impacts on carbon uptake in 

our machine learning models resulted in more accurate predictions of interannual and seasonal 

variability in dryland carbon uptake. We found that our model trained in the North American 

Southwest provides more realistic estimates of drought impacts on the carbon cycle in global 

drylands, underscoring the mechanistic underpinnings of the drought terms in our model. 
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Drought impacts on the carbon cycle are likely to extend beyond dryland ecosystems in 

the future. Temperature rise and associated increases in atmospheric vapor pressure 

deficit (Breshears et al., 2013; Novick et al., 2016) are likely to cause decreases in carbon 

uptake in ecosystems like forests that are not currently water limited (Allen et al., 2015), 

potentially reducing the strength of the terrestrial carbon sink (Bonan, 2008). Models that 

account for drought impacts on the carbon cycle are crucial for predicting and 

understanding the global carbon cycle. Our product improves on existing globally 

upscaled products because it is informed by a dense network of flux sites across patchy 

dryland ecosystems, accounts for flashy ecosystem dynamics, and accounts for tight 

coupling between carbon and water cycling dynamics in drylands.  

 I conceived the idea for this study, established research questions and hypotheses, and 

designed and conducted the machine learning and upscaling analyses. I performed all model pre- 

and post- processing, including resampling, aggregation, and validation. I was responsible for the 

determination of machine learning inputs and the final variables included in the model. I 

interpreted the results, made the conclusions, and wrote the manuscript.  
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CHAPTER 3: CONCLUSIONS 

Dryland ecosystems like those in the Southwest (southwest United States and northwest 

Mexico) are an exemplary location to study drought impacts on the carbon cycle due to 

persistent water limitation and associated tight coupling between hydrologic and carbon cycles. 

Additionally, these systems feature ‘flashy’ responses to moisture inputs driven by the cascading 

impacts of resource pulses. Drylands also have high spatial and temporal heterogeneity, with 

patchy distribution of landscapes and high interannual variability in rainfall and associated 

vegetation dynamics. Furthermore, future climate projections suggest more frequent and intense 

drought in the world’s water-limited regions. A better understanding of hydro-biogeochemical 

linkages in drylands will improve predictions of GPP in models that require accurate accounting 

of climate-carbon dynamics to project the degree and speed of future global climate change.  

First, in Appendix A, I examined whether different Southwest ecosystem types 

(grasslands, shrublands, and forests) had differential sensitivities to intra-annual drought. 

Combining remotely sensed data from satellites with in situ data from eddy covariance flux 

towers uncovered powerful convergences in ecosystem response to changing climate. This study 

identified the critical sub-annual climate periods during which vegetation growth was strongly 

affected by climate variability - Southwest forests were most strongly affected by climate 

conditions from January to July, while shrublands and grasslands were influenced by climate 

from June to August. Southwest ecosystem types were differentially sensitive to sub-annual 

drought timing, highlighting the need to consider drought timing in addition to length and 

intensity in studies of drought impacts on vegetation production.  
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Next, in Appendix B, I investigated the utility of promising new hyperspectral technology 

and analyses in the context of a field experiment. Spectral vegetation indices are widely used as 

proxies for vegetation greenness and to estimate state variables such as vegetation cover and leaf 

area index, however, the capacity of green leaves to take up carbon can change throughout the 

season. Hyperspectral leaf reflectance, which provides the full spectrum (350–2500 nm) of 

narrow (1 nm) reflectance bands, has great potential to remotely estimate physiological 

parameters such as photosynthetic capacity. We evaluated the ability of hyperspectral data to 

represent and predict within-season temporal variation in Vcmax and Jmax and examined the 

influence of water stress on the robustness of these estimates of photosynthetic capacity. Our 

results showed that hyperspectral leaf reflectance predicts photosynthetic parameters across time, 

suggesting that these hyperspectral remote sensing techniques could be used to constrain model 

estimates of plant function.  Traditional spectral approaches had utility: hyperspectral vegetation 

indices developed for estimating chlorophyll content and plant stress had correlations with plant 

photosynthetic capacity nearly as high as those of PLSR models utilizing the full spectral 

signature. Our results suggest that predictive relationships developed from data in a short portion 

of the growing season could hold true throughout the growing season. 

 Finally, I used insights gained from Appendices A and B to estimate spatio-temporal 

controls of GPP by integrating eddy covariance and satellite observations using a machine 

learning approach. I utilized the dryland SPEI-productivity relationships developed in Appendix 

A to develop the model of dryland carbon uptake, and the temporal stability of remotely sensed 

estimates of photosynthetic processes from Appendix B provided justification for my spatial and 

temporal upscaling. Overall, the upscaled 1km model resolved finer features of carbon uptake 
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dynamics related to topography and spatial heterogeneity. The model more accurately 

represented key features of dryland ecosystem dynamics, including the characteristic dual peak 

in SW forests driven by springtime snowmelt and summer rains and flashy response to moisture 

inputs in southwest grasslands. More generally, our results demonstrate the crucial link between 

drought and carbon uptake in drylands and underscores the tight coupling of biogeochemical and 

hydrologic cycles in water-limited ecosystems. 

The insights gained from the studies contained in this dissertation will enable confidence in 

the temporal stability of hyperspectrally derived-estimates of photosynthetic capacity, improve 

representation of dryland carbon dynamics in ecosystem models, and facilitate exploration of 

coupled carbon and water cycles in the world’s drylands. In the future, I am interested in using 

solar induced fluorescence (SIF) to characterize drought and moisture impacts on carbon uptake 

and plant productivity. SIF is linearly related to active photosynthesis, and can therefore capture 

the impacts of drought-stress in near-real time (Zhang et al., 2018) and account for complex 

phenological patterns driven by wetness and other physiological variables. SIF shows great 

promise to characterize intra- and inter-seasonal dynamics in drylands (Smith et al., 2018). When 

the timescale is longer, I want to incorporate satellite SIF retrievals into my machine learning 

models as it is highly correlated with GPP estimates derived at global and seasonal scales 

(Frankenberg et al., 2011; Guanter et al., 2012). Additionally, I am interested exploring whether 

lessons learned from drylands landscapes apply to our understanding of how projected climate 

change will impact future water and carbon cycling in the energy-limited Eastern half of the 

United States. There is robust evidence that the future will be warmer and drier in regions of the 

United States that are not currently water limited. I hope to delve more deeply into the 
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relationship between drought and vegetation water and energy cycling in more mesic 

ecosystems.   

Collectively, my work shows that moisture dynamics impact carbon and associated 

vegetation dynamics from the leaf to global scales. Dryland ecosystems are an exemplary 

location to study the impact of water on carbon cycling due to their patchiness on the landscape, 

flashy responses to moisture inputs, and tight coupling of hydrologic and biogeochemical cycles. 

I address the impact of water limitation on carbon uptake across spatial and temporal scales, 

using a combination of remote sensing techniques and gas exchange measurements and 

estimates. The cross-scale approach presented here provides new insights into drought impacts 

on vegetation productivity and biosphere-atmosphere interactions in drylands.  Overall, 

improved representation of the spatial and temporal dynamics of interactions between drought 

and carbon in drylands will lead to better projections of future water and carbon cycling and the 

magnitude and speed of global climate change.  
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Abstract 

In the Southwest United States, the current prolonged warm drought is similar to the 

predicted future climate change scenarios for the region. This study aimed to determine patterns 

in vegetation response to the early 21st century drought across multiple biomes. We 

hypothesized that different biomes (forests, shrublands, and grasslands) would have different 

relative sensitivities to both climate drivers (precipitation and temperature) and legacy effects 

(previous-year’s productivity).  We tested this hypothesis at eight Ameriflux sites in various 

Southwest biomes using NASA MODIS Enhanced Vegetation Index (EVI) from 2001 – 2013. 

All sites experienced prolonged dry conditions during the study period. The impact of combined 

precipitation and temperature on Southwest ecosystems at both annual and sub-annual timescales 

was tested using Standardized Precipitation Evapotranspiration Index (SPEI). All biomes studied 

had critical sub-annual climate periods during which precipitation and temperature influenced 

production. In forests, annual peak greenness (EVImax) was best predicted by 9-month SPEI 

calculated in July (i.e., January – July). In shrublands and grasslands, EVImax was best predicted 

by SPEI in July through September, with little effect of the previous year’s EVImax.  Daily gross 

ecosystem production (GEP) derived from flux tower data yielded further insights into the 

complex interplay between precipitation and temperature. In forests, GEP was driven by cool-

season precipitation and constrained by warm-season maximum temperature. GEP in both 

shrublands and grasslands was driven by summer precipitation and constrained by high daily 

summer maximum temperatures. In grasslands, there was a negative relationship between 

temperature and GEP in July, but no relationship in August and September.  Consideration of 

sub-annual climate conditions and the inclusion of the effect of temperature on the water balance 

allowed us to generalize the functional responses of vegetation to predicted future climate 
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conditions. We conclude that across biomes, drought conditions during critical sub-annual 

climate periods could have a strong negative impact on vegetation production in the 

Southwestern United States. 

Keywords: ANPP; global change; drought; eddy covariance; EVI; GEP; MODIS; US Southwest; 

forests; shrublands; grasslands.  
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Introduction 

Global climate change is expected to result in altered hydroclimatic conditions which 

can, in turn, disrupt key ecosystem processes (IPCC, 2013), including aboveground net primary 

production (ANPP) (Zhao and Running, 2010).  In the Southwestern United States (Southwest), 

warm droughts are projected to increase in frequency and duration (Cayan et al., 2010; Seager et 

al., 2007; Seager and Vecchi, 2010). Already, the early 21st century has brought prolonged 

drought, warm temperatures, and extreme rainfall events to the Southwest (Easterling et al., 

2000; MacDonald, 2010).  Yet, ecosystem responses to climate variability are not fully 

understood, and thus the response of ANPP to projected climatic conditions is highly uncertain. 

Understanding plant functional responses to climate variability is necessary to improve our 

ability to predict vegetation response to global climate change. Such predictions are essential for 

assessment of climate change impacts on ecosystem services, land and water resources, and the 

carbon and water cycles (Backlund et al, 2008).  

Regional patterns in vegetation response to climate drivers are ecologically complex and 

difficult to discern. Distinguishing between natural interannual variability and directional change 

in vegetation productivity requires a multi-year data record (i.e. ten years or more) (Moran et al., 

2008). Such long-term studies, often conducted at a single experimental site, can determine the 

within-site relationship of  productivity to climatic variability across time (e.g. Lauenroth and 

Sala, 1992) and discern production legacies during drought (Peters et al., 2012).   

Interannual variation in vegetation  productivity within-sites is thought to be broadly 

explained by both life history and biogeochemical interactions (Huxman et al., 2004). However, 

a global analysis of the impact of drought on satellite, dendrochronological and in situ estimates 

of vegetation productivity indicates that empirical drought response mechanisms underlying 
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these dynamics vary between ecosystem types (Vicente-Serrano et al., 2013).  Warm drought 

conditions caused widespread mortality in US Southwest forests (Breshears et al. 2005, Allen et 

al., 2010), but caused shifts in the functional response of ANPP to precipitation in Southwest 

desert grasslands (Moran et al., 2014). The most important inter-annual climatic drivers between 

different ecosystem types are not resolved. Some cross-biome studies conclude that inter-annual 

variability in vegetation productivity is insensitive to variation in precipitation (Knapp and 

Smith, 2001; Hsu et al., 2012), while others report strong relationships between productivity and 

precipitation variation across biomes (Fang et al. 2001, Ma et al. 2013). 

The interpretation of inter-annual effects of drought may be further complicated by 

within-year or intra-annual variation in precipitation and temperature. In grasslands, the timing 

of interannual variation in climate drivers affects ecological processes (Craine et al. 2009; Craine 

et al. 2012; Craine et al. 2013).  Grassland productivity showed differential sensitivity to 

precipitation and temperature at distinct time periods during the growing season (Craine et al. 

2012; Craine et al. 2013).  Such studies underscore the need to consider not only the magnitude, 

but also the sub-annual timing of precipitation and temperature. While the existence of these 

“critical climate periods” have been identified in grasslands, further exploration of the effects of 

sub-annual climate conditions in shrubland and forest biomes is necessary.  

Many studies have considered the functional relationships between climatic drivers and 

productivity (e.g., Vicente-Serrano et al., 2013; Zhang et al., 2015). To investigate plant 

functional responses across a range of ecosystem types in the Southwest, we attempt to identify 

mechanisms driving variability in these responses. We focused here on those mechanisms that 

underlie vegetation response to climate variability, recognizing that plant physiology and 
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biogeochemical interactions further underlie these relationships. Using a combination of decade-

long observations to address interannual variability and fine-temporal-resolution in situ data to 

identify mechanisms across multiple ecosystem types, it is possible to generalize vegetation 

response to climate variability.  For example, Ma et al., (2013) coupled ground measurements of 

photosynthesis with thirteen years of satellite observations of vegetation greenness to 

characterize spatial and temporal variability in savanna phenology across an ecological rainfall 

gradient in Australia. Here, we investigate inter- and intra-annual changes in gross ecosystem 

productivity and ecosystem phenology as ecological mechanisms contributing to previously 

observed patterns in responses of aboveground net productivity (Ponce-Campos et al 2013, 

Moran et al 2014) and explore their environmental controls empirically. 

This study assessed long-term dynamics in productivity at multiple sites across biomes, 

and then interpreted those dynamics based on mechanisms identified with high-temporal-

resolution in situ measurements at each site. We used satellite observations of the Enhanced 

Vegetation Index (EVI) from the Moderate-resolution Imaging Spectroradiometer (MODIS) to 

estimate peak greenness (EVImax) at eight eddy covariance flux tower sites from the Ameriflux 

network. Sites were chosen across the Southwest and represented several dominant biomes in 

arid and semiarid ecosystems: grasslands, shrublands, and forests. First, we developed biome-

specific models of interannual EVImax in relation to annual and sub-annual climatic drivers 

including precipitation and temperature based on long-term (13-years; 2001- 2013) EVI 

measurements at each site. We derived four empirical models from recent influential studies of 

the relationship between vegetation production and climate drivers.  We then determined the 

most parsimonious model that explained variation in EVImax for each biome. Then, we 
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interpreted these results using daily estimates of Gross Ecosystem Production (GEP) measured 

with the eddy covariance method. This coupled approach afforded us the unique ability to 

generalize responses of plant productivity to changing hydroclimatic conditions across 

Southwest ecosystem types. The study was framed in the context of the 21st century drought, a 

prolonged drought coupled with warm temperatures that is thought to be similar to predicted 

future conditions in the Southwest (MacDonald, 2010).   

Materials, Methods, and Models 

Study Sites 

This study focused on eight experimental sites from the Ameriflux national eddy 

covariance network (http://ameriflux.lbl.gov/).  These study sites represent a variety of 

Southwest biomes, elevations, and varied precipitation and temperature regimes (Table 1). 

Locations include three forest sites in New Mexico and Arizona, three shrubland sites in New 

Mexico and Arizona, and two grassland sites in New Mexico and Arizona (Figure 1). The sites 

range in elevation from 1116m at US-Srm to 3003 m at US-Vcm, in mean annual precipitation 

(MAP) from 242 mm at US-Seg to 659 mm at US-Fuf, and in mean annual temperature (MAT) 

from 5.4 °C at US-Vcm to 18.4 °C at US-Srm. Study sites include two sets of paired grassland-

shrubland sites: US-Seg and US-Ses at the Sevilleta National Wildlife Refuge and LTER site, 

and US-Wkg and US-Whs at the Walnut Gulch Experimental Watershed. The US-Vcm and US-

Vcp are paired mixed-conifer/ponderosa woodland sites.   

Climate Data 

Daily precipitation and temperature data for each site were obtained from the Daymet 

dataset through the Oak Ridge National Laboratory Data Archive and Distribution Center 
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(ORNL DAAC) (http://daymet.ornl.gov/). The Daymet dataset provides estimates of daily 

meteorological parameters over North America on a 1 x 1 km grid (Thornton et al., 1997). 

Estimates are derived from meteorological station data and interpolated and extrapolated to 

provide continuous estimates of precipitation and temperature data across the conterminous 

United States (Thornton et al., 1997). Data are available for the last 34 years, from 1980 through 

2013. Daily precipitation, minimum temperature, and maximum temperature data were extracted 

for the 1 x 1 km pixel encompassing each Ameriflux site. Total annual precipitation (PT) was 

computed as a sum of daily precipitation in the hydrologic year (01 October to 30 September).  

SPEI 

The Standardized Precipitation-Evapotranspiration Index (SPEI) uses potential 

evapotranspiration and precipitation to characterize the drought conditions in a given area across 

dynamic timescales. Because it accounts for the effect of increased temperatures on the water 

balance, the SPEI is considered to be a better predictor of changes in ecological response to 

drought than other drought indices, especially in the summer (Vicente-Serrano et al., 2012). 

Additionally, the SPEI is multiscalar, allowing calculations at a range of timescales ranging from 

1 to 48 months to examine impacts of both short-term and long-term water deficits  (Vicente-

Serrano et al., 2010). The SPEI requires a calibration period to determine the average water 

balance (precipitation minus potential evapotranspiration) and then calculates deviations from 

the average water balance. Negative SPEI values represent drought conditions and positive SPEI 

values represent wet conditions.  
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SPEI was included as a predictor at 1-month to 12-month timescales in this analysis. The 

SPEI was computed at the end of the growing season using three endpoints (September, August, 

and July).  In all, 36 SPEI models (12 timescales* 3 endpoints) were calculated for each biome.  

SPEI was computed from the Daymet data at 1 x 1 km resolution using a software 

package housed in the R language (R version 3.0.2) and environment for statistical computing (R 

Core Team 2013). Daily Daymet data were aggregated to monthly for the computation of 

potential evapotranspiration (PET) and SPEI. The tools for calculating PET and SPEI are 

available in the package ‘SPEI’ (Beguería and Vicente-Serrano 2013). We used the function 

‘thornthwaite’ to calculate PET according to the Thornthwaite equation (Thornthwaite, 1948), 

and the function ‘spei’ to calculate SPEI from PET and daily precipitation. Daytime average 

temperature was estimated from daily Tmax and Tmin from the equation for daylight weighted 

average air temperature (Running et al., 1987). The calibration period for SPEI was January 

1980 to December 2013.  

To put the 21st century drought in historic context, SPEI was also obtained from the SPEI 

Global Drought Monitor (http://sac.csic.es/spei/map/maps.html) at 0.5 degrees from January 

1950 to December 2010. At this coarse resolution, the paired US-Seg and US-Ses sites and the 

US-Vcm and US-Vcp sites fell within the same SPEI tile. The calibration period for SPEI from 

the Global Drought Monitor was January 1950 to December 2010. Calculation of PET was based 

on the Thornthwaite equation (Thornthwaite, 1948).  

For the purposes of explanation, SPEI>0.5 was considered a wet spell, 0.5>SPEI≥-0.5 is 

normal, and SPEI<-0.5 was moderate drought, and SPEI<-1.3 was severe drought. These drought 

classifications were based on the Drought Severity Classification for the Standardized 

http://sac.csic.es/spei/map/maps.html
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Precipitation Index (SPI) used by on the U.S. Drought Monitor 

(http://droughtmonitor.unl.edu/AboutUs/ClassificationScheme.aspx). 

Remotely Sensed EVI 

We used satellite observations of the Enhanced Vegetation Index (EVI) from the 

Moderate Resolution Imaging Spectroradiometer (MODIS) to determine peak greenness.  A 

widely used measure of greenness, EVI is defined as 

1

NIR red

NIR red blue

EVI G
C L

 

  




   ,   (1) 

 

where NIR , red ,and blue  are atmospherically corrected surface reflectances for the near-

infrared, red, and blue bands, L is the canopy background adjustment, C1 and C2 are the 

coefficients of the aerosol resistance term, and G is a gain factor (Huete et al., 2002). 

MODIS EVI data (MOD13Q1) were averaged over an area of 9 x 9 MODIS pixels (2.25 

x 2.25 km) surrounding the eddy covariance flux tower at each site for the full MODIS time 

series (2001 – 2013). There were 23 EVI scenes per year and 13 years, totaling 299 EVI scenes 

for each site. Data were smoothed using TimeSat software (Jönsson and Eklundh, 2004).  

While previous studies have used integrated annual EVI (iEVI) as a surrogate for annual 

ANPP (e.g. Moran et al., 2014; Ponce Campos et al., 2013; Zhang et al., 2013), recent research 

suggests that evergreen forests have low spectral sensitivity to water stress (Sims et al., 2014). 

However, satellite observations of forest greenness during the peak of the growing season were 

correlated with forest drought stress (Williams et al. 2013). Here, we use the mean of the four 

consecutive maximum EVI observations in the growing season (EVImax) as an estimate of peak 

greenness (Figure 2). 
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Flux Data 

Ameriflux sites use eddy covariance techniques to continuously measure CO2 exchange 

between ecosystems and the atmosphere aggregated to 30-60 minute intervals.  Additionally, 

climate variables are measured at each flux tower, including precipitation, temperature, and 

vapor pressure deficit (VPD). Daily gap-filled gross ecosystem production (GEP) estimates and 

climate variables were obtained directly from site administrators. We used data from 4 flux sites 

with long-term (≥ 5 years) data records: US-Fuf, US-Srm, US-Wkg, and US-Lhs (Table 1). 

There were 5 years of GEP data available from US-Fuf, 10 years from US-Srm, 7 years from 

US-Whs, and 10 years from US-Wkg. 

GEP was derived from the following equation:  

 ecoGEP=R +NEE  ,    (2) 

where NEE is net ecosystem exchange of CO2, Reco is ecosystem respiration, and GEP is gross 

ecosystem production. NEE is calculated directly from measured carbon dioxide flux and then 

partitioned into GEP and Reco (for site-specific methods see Dore et al., 2008; Scott et al., 2010). 

Daily GEP estimates were used for interpretation, and specifically, to discern mechanisms 

underpinning modeling results.   

Relationships Among Vegetation Productivity, GEP and EVImax 

 While both GEP and EVImax reflect carbon uptake by plants, EVI is a greenness index 

and GEP measures total photosynthetic uptake per unit of time. Plants make frequent diurnal 

adjustments in response to daily or sub-daily fluctuations in environmental conditions, such as 

opening and closing their stomata in response to VPD. Satellite EVI does not measure these 

fundamental plant mechanisms, but is instead sensitive to slowly changing, dramatic variations 
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in greenness. Further, the 16-day temporal resolution of EVI is too coarse to incorporate daily or 

sub-daily plant mechanisms.  Because the flux measurements are in situ and at fine temporal 

scale, these diurnal adjustments are accounted for in the measured GEP. Consequently, we 

recognize in this study that GEP and EVImax are different yet complementary measures of 

vegetation productivity.   

MODIS EVI is a 16-day composited product. To maximize temporal synchronization 

between daily GEP and 16-day EVI, we added 16 days to the end of the EVImax range for each 

year. Daily GEP values in the time period of EVImax + 16 days were then summed to calculate 

GEPmax.  

The time series of EVI at the US-Fuf site showed little seasonal variation in greenness 

(Figure 2a) and was thus not included in the annual models, but US-Fuf was still used for 

analyses involving GEP.  The 2013 Thompson Ridge Fire in the Valles Caldera National 

Preserve affected both the US-Vcp and US-Vcm sites, thus 2013 was not included in the annual 

models for either site.  

Modeling 

 To determine the relative importance of climate drivers and legacies in different 

ecosystem types, four models were evaluated. To allow for meaningful comparisons across sites, 

climatic variables and EVI values were standardized in these models, where the standardized 

values were the deviation of the i-year value from the 13-year average in units of standard 

deviation (σ). For a given variable X,    

X

i
s

X X
X




 .       (3) 
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Because SPEI is already standardized to the mean of the calibration period for a given site, SPEI 

was not standardized by equation 3.   

The first model was based on recent evidence suggesting that plant communities across 

diverse biomes share an intrinsic sensitivity to water availability (Ponce Campos et al., 2013). In 

dry years, ecosystem water-use efficiency (WUEE; above-ground net primary 

production/evapotranspiration) converged to a common maximum cross-biome WUEE (Ponce 

Campos et al., 2013). During drought, ecosystems that are normally constrained by resources 

other than water (e.g. light, nutrients) can become water-limited (Jenerette et al. 2012). Thus, we 

inferred that during the persistent 21st century drought in the Southwest, plant communities 

across biomes would behave as if they were water-limited. Using EVImax as a measure of 

vegetation productivity, we expect that across biomes, EVImax= f(PT).  Thus, using standardized 

values for cross-site comparison, we proposed that  

 maxS(y) 0 1 TS(y)EVI = Pb b ,     (4) 

where b0 and b1 are empirically derived coefficients specific to this equation, PTS is standardized 

total annual precipitation, and the subscript y represents the current year. 

 Sala et al. (2012) suggested that in grasslands, legacies of wet and dry years influenced 

annual vegetation productivity. They proposed that current-year aboveground net primary 

production (ANPP) was based on both current-year PT and ANPP in the previous year.  

Experimental manipulations provided support for legacy effects in grasslands (Reichmann et al., 

2013), and in a Chihuahuan Desert shrubland, legacy effects in underlying grasses were found 

after several consecutive wet years (Peters et al., 2014). Using EVImax as a measure of vegetation 
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productivity, we expect that in grasslands, EVImax(y)= f(PT(y), EVImax(y-1)), where EVImax(y-1) is the 

previous-year’s EVImax.  This led to the second model for this study, where 

maxS(y) 1 S(y) 2 maxS(y-1)EVI P EVIob b b   ,   (5)   

where b0, b1, and b2 are empirically derived coefficients specific to this equation, PTS is 

standardized total annual precipitation, and the subscript y represents the current year.  

Southwest forest growth depends on snowmelt from winter precipitation (Kerhoulas et 

al., 2013), which replenishes soil water in the spring. In the spring and summer, high evaporative 

demand associated with warm temperatures causes stomatal closure in trees, which if prolonged, 

can lead to carbon starvation and mortality (Adams et al., 2009). Williams et al. (2013) 

determined an index of forest drought stress (FDSI) that was based on warm-season VPD and 

cool-season (November through March) precipitation. Warm-season VPD was defined as the 

average of VPD from August – October of the previous year and May – July of the current year. 

An equivalent relation specific to this study was derived by using EVImax as a proxy for forest 

production and maximum temperature (Tmax) in place of VPD. VPD is largely determined by 

temperature in the Southwest (Weiss et al. 2009), and Tmax was found to predict nearly the same 

variation in the FDSI as VPD (Williams et al., 2013).  Adapting this equation, we expected that 

in forests, EVImax= f(Pcool ,Tmaxwarm), where Pcool is the average of precipitation from November 

through December of the previous year and January through March of the current year, and 

Tmaxwarm is the mean daily maximum temperature from August – October of the previous year 

and May – July of the current year.  The third model used in this study was  

maxS(y) 0 1 coolS 2 warmSEVI P Tmaxb b b   ,   (6) 
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where b0, b1, and b2 are empirically derived coefficients specific to this equation.  

The effect of temperature on production in the Southwest is not fully understood. 

Increased temperatures combined with reduced precipitation exacerbate the effects of drought in 

the Southwest (Breshears et al., 2013), and if prolonged, can cause mortality events and alter 

ecosystem function (Breshears et al., 2005).  Plants do not experience precipitation and 

temperature separately, so it is reasonable to expect that the combined effect of these climate 

drivers will affect vegetation production. Additionally, seasonal temperature and precipitation 

are likely to influence vegetation production in addition to annual precipitation. For example, 

Southwest forests are dependent on winter precipitation, but many Southwest grasslands and 

shrublands are dependent on the heavy rains brought by the North American Monsoon in late 

summer. We expect that SPEI will predict interannual variation in EVImax for two reasons: first, 

because it accounts for the combined effect of temperature and precipitation on production, and 

second, because it allows us to pinpoint the dominant timescale that influences vegetation 

production for each biome. We expect that across biomes, EVImax= f(SPEInm), where SPEI is 

calculated in month m at a n-month timescale and n is the dominant timescale (in months) that 

influences vegetation production.  The dominant timescale (n) was determined as the SPEI 

timescale that was most highly correlated with EVIsmax(y) for each biome.  The fourth model is a 

simple linear relation, where 

 maxS(y) 0 1EVI SPEI mb b n  ,    (7) 

where b0 and b1 are empirically derived coefficients specific to this equation. 
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Statistics  

Sites were grouped by biome as described in Table 1. We fit all models (eqs. 4-7) for the 

2 combined forest sites, 3 combined shrubland sites, and 2 combined grassland sites.  The best 

model was selected based on Akaike’s Information Criterion adjusted for small sample sizes 

(AICc) and the coefficient of determination (r2) (Burnham and Anderson, 2002). An additional 

parameter was only included in the model if its addition reduced the AICc by 2 or more 

(Burnham and Anderson, 2002). The SPEI, because it is calculated from PET and precipitation, 

was considered to have two parameters for the purpose of AIC analysis. If two models had the 

same number of parameters, the model with the lowest AICc was selected. 

Statistical analyses were performed in R version 3.0.2 (R Core Team, 2013). Regression 

analyses were performed using the base linear modeling functions (R Core Team, 2013), and 

break point analyses were performed using the ‘segmented’ package (Mueggo, 2008). AICc 

values were calculated using the ‘AICcmodavg’ package in R (Mazerolle, 2013).  

Results 

Early 21st Century Drought  

To determine if the study sites experienced altered hydroclimatic conditions associated 

with the 21st century drought, we compared historic SPEI (1950-1999) to early 21st century SPEI 

values (2000-2013). Based on the annual SPEI values provided by the Global Drought Monitor, 

all sites experienced drought during the study period (2001 – 2013) (Figure 3). All sites 

experienced at least two years of extreme drought during the study period, and US-Srm had 

extreme or moderate drought for 10 years of the 13-year study period.  Annual SPEI during the 

early 21st century (2000-2013) was significantly lower than SPEI from 1950-1999 (p<0.05) at all 

sites except for US-Seg and US-Ses in New Mexico, where there was no significant difference 
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between the two time periods (Table 2). Here, SPEI calculated from the Global Drought Monitor 

was used to provide historic context to our study. In all subsequent mentions of SPEI, values 

were calculated from 1-km Daymet data.  

Using SPEI calculated from Daymet data at 1-km resolution from 1980-2013, we 

confirmed that all study sites experienced prolonged drought and increased temperatures 

associated with altered hydroclimatic conditions in the early 21st century (Table 3).  All sites 

experienced prolonged dry conditions (SPEI<0) in the early 21st century ranging from 5-8 years, 

while dry conditions in the late 20th century lasted only 1-3 years.  The difference between 

average temperature from 1980-1999 and from 2000-2013 (ΔT) was positive (i.e., increased 

temperatures during the early 21st century) in both the warm season (Apr – Sep) and the cool 

season (Oct – March).  The magnitude of ΔT was larger in the warm season than in the cool 

season; warm-season temperature during the 21st century increased by 1.25°C, 0.74°C, and 

0.66°C in forests, shrublands, and grasslands, respectively (Table 3).   

Dynamic Timescale of SPEI 

Rather than report model results for all SPEI timescales calculated at July, August and 

September (48 models), we report only the dominant SPEI timescale for each biome defined by 

the highest correlation with EVIsmax. The dynamic timescale of SPEI, however, provides 

important information about the dominant timescales at which drought has the strongest 

influence on vegetation production (Figure 4).  In forests, the correlation between SPEI and 

EVIsmax was highest for SPEI9Sep, the 9-month SPEI calculated in September (i.e., January – 

September) (Figure 4a). The correlation for shrubland was highest for SPEI2Aug, the 2-month 
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SPEI calculated in August (i.e., July-August) (Figure 4b), and for grassland, the correlation was 

highest for SPIE3Sep, the 3-month SPEI calculated in September (July-September) (Figure 4c).  

The definition of timescales at which drought has the strongest influence on vegetation 

production inspired a revisit of the drought conditions at our sites during the early 21st century 

(Table 4).  The number of drought years (SPEI < -0.5) at the dominant timescale for each site 

was compared to the number of drought years at the annual timescale. The SPEI in the early 21st 

century (2000 -2013) at the dominant timescale for forest sites (SPEI9Sep) indicated that there 

were more drought years than defined by annual SPEI at all three forest sites. When the 

dominant timescale was considered, US-Fuf, US-Vcm, and US-Vcp had 1, 2, and 2 more years 

of drought, respectively. In shrublands, consideration of the dominant timescale (SPEI2Aug) 

indicated fewer years of drought than did annual SPEI (Table 4). There were 3, 2, and 2 fewer 

drought years as defined by the dominant timescale for US-Srm, US-Ses, and US-Whs, 

respectively. In grasslands, the number of drought years indicated by SPEI at the dominant 

timescale (SPEI3Sep) was similar to the number of drought years indicated by annual SPEI (Table 

4). Considering the dominant timescale indicated one less drought year for both US-Wkg and 

US-Seg compared to annual SPEI (Table 4). Overall, considering the annual SPEI rather than 

SPEI at the dominant timescale underestimates the number of drought years in forests and 

overestimates the number of drought years in shrublands. These sub-annual calculations of SPEI 

are more indicative of the climate conditions that influence vegetation production in Southwest 

ecosystems than annual SPEI.  
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Modeling Results 

The SPEI calculated in month m at an n-month timescale is described here as SPEInm, 

where SPEI calculated in September at a 9-month timescale is referred to as SPEI9Sep.  Similarly, 

standardized precipitation and maximum temperature over the dominant timescale are described 

as PnmS and TmaxnmS, where for example, standardized precipitation averaged over at a 9-month 

timescale from January to September is referred to as P9SepS . 

For Southwest forests, the model based on SPEI calculated in September at a 9-month 

timescale (SPEI9Sep) was selected (AICc = 51.4), where 

SepmaxS(y)EVI =0.771(SPEI9 )+0.712    (8) 

explained 45% of the variance in EVIsmax(y)  with a root mean squared error (RMSE) = 0.572 for 

the residuals of modeled versus measured EVImaxS (Figure 5a). 

For Southwest shrublands, the most parsimonious model (AICc = 93.3) was based on 

SPEI calculated in August at a 2-month timescale (SPEI2Aug, representing the cumulative water 

balance from July to August) (Table 5). The selected model, 

maxS(y) AugEVI =0.668(SPEI2 ) ,    (9) 

explained 45% of the variance in EVISmax(y) and the residuals of modeled versus measured values 

of EVImaxS resulted in an RMSE=0.712 (Figure 5b).   

For Southwest grasslands, the model with best results was based on SPEI calculated in 

September at a 4-month timescale (SPEI3Sep, representing the cumulative water balance from 
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July to September) (AICc = 61.3) (Table 5).  The other three models were much less 

parsimonious, and were not selected.  The selected model,  

maxS(y) SepEVI =0.660(SPEI3 ) ,     (10)  

explained 54% of the variance in EVISmax and the residuals of modeled versus measured values 

of EVImaxS resulted in an RMSE=0.650 (Figure 5c).  Notably, the previous-year’s EVImax was not 

a significant predictor of the current year’s EVImax in grasslands, shrublands or forests. 

In summary, all three selected models were based on SPEI, which accounts for both 

precipitation and temperature at the dominant timescale for each biome. The ability of the SPEI 

to explain interannual variation in EVImaxS could indicate: 1) the effect of temperature on the 

water balance (as reflected by SPEI) explains variation in EVImaxS beyond the simple 

combination of precipitation and temperature, or 2) SPEI, because it accounts for the effects of 

sub-annual climate dynamics on production, identifies the critical time period during which 

climate dynamics influence interannual variation in EVImax. To identify whether variation in 

EVImaxS was primarily explained by 1) SPEI itself or 2) the dominant timescale as identified by 

the SPEI, we tested the SPEI model against precipitation and temperature over the timescale of 

the most parsimonious SPEI model. In forests, the model based on precipitation in January 

through September (P9Sep) was more parsimonious than the model based on either SPEI9Sep or 

P9Sep combined with Tmax9Sep (ΔAICc = -1.3 and 0.2; Table 6). Similarly, in shrublands the 

most parsimonious model was based solely on precipitation; precipitation in July and August 

(P2Aug) was a better model than SPEI2Aug or P2Aug combined with Tmax2Aug (ΔAICc = 2.9 and 

2.5; Table 6).  In grasslands, P3Sep combined with Tmax3Sep was the more parsimonious than 
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P3Sep alone or SPEI3Sep (ΔAICc =5.4 and 1.3 ; Table 6). Overall, differences in explanatory 

power of models based on SPEI, precipitation, and combined precipitation and temperature were 

small within the dominant timescale for each biome. These results suggest that climate dynamics 

within the dominant timescale, rather than the SPEI, predominantly explained interannual 

variation in EVImaxS.  

Discerning Mechanisms  

Of the models based on eqs 4-7, the most parsimonious models for forest, shrublands and 

grasslands were all based on sub-annual SPEI. However, further examination of the effect of 

precipitation, temperature, and SPEI on EVImaxS (Table 6) suggested that climate dynamics 

within the dominant timescale, rather than SPEI, were the key drivers of interannual variation in 

vegetation production. Therefore, our efforts to discern the mechanisms, defined in our 

introduction as the underlying causes of ecosystem functional responses, were focused on 

disentangling the effects of precipitation and temperature during the dominant timescale for each 

biome as defined by SPEI analysis (see Table 5), recognizing that plant physiology and 

biogeochemical interactions further underlie these relationships. In forests, the dominant 

timescale was January through September, in shrublands the dominant timescale was July and 

August; and in grasslands, the dominant timescale was July through September.  We also 

explored the effect of atmospheric demand (VPD) on production.  

In forests, the relative importance of precipitation and temperature shifted throughout the 

dominant timescale (January – September) (Figure 6a). In the latter half of the cool season 

(January – April), both precipitation and daily Tmax were strongly correlated with standardized 

maximum GEP (GEPmaxS) (r =0.89 and r=-0.93, respectively). Soil moisture recharge in 
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Southwest forests generally depends on winter precipitation (Swetnam and Betancourt 1998). 

Warm temperatures in early spring lead to earlier snowmelt and an earlier onset of the growing 

season (Barnett et al., 2005). In the warm season (May – September), daily Tmax was negatively 

correlated with GEPmaxS (r=-0.64), and precipitation had little effect (r=0.26). Additionally both 

cool season and warm season VPD was negatively related to GEPmaxS (r=-0.88 and r=-0.97, 

respectively). Based on Williams et al. (2013), we evaluated the relationship between daily 

maximum temperature and daily production in May, June, and July and found a break point in 

mean daily Tmax for the forest site, US-Fuf (Figure 7). At temperatures below 17°C, daily GEP 

was positively related to temperature, but at temperatures above 17°C, daily maximum 

temperature was negatively related to GEP. The two separate linear regressions with this 

breakpoint explained 43% of the variance in daily GEP in May, June and July. Overall, these 

results support the importance of cool-season precipitation and warm-season temperature and 

VPD on Southwest forest productivity.  

In shrublands, EVImax was most strongly linked with the 2-month SPEI in July and 

August. This time period coincided with the strong monsoon rains in these ecosystems.  At US-

Whs, the correlation between July/August precipitation and GEPmaxS was stronger than the 

correlation between Tmax and GEPmaxS (r=0.93, and r=-0.70, respectively) (Figure 6b). 

Correlations between climate drivers and GEPmaxS during the rest of the year were weaker.  The 

correlation of VPD in July and August on GEPmaxS was strong (r=-0.87), but VPD throughout the 

rest of the year had little effect on GEPmaxS. At US-Srm, the correlation between July/August 

Tmax and GEPmaxS was stronger than the correlation between precipitation and GEPmaxS (r=0.67 

and r=-0.78, respectively). Temperature and precipitation throughout the rest of the year had 
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little correlation with GEPmaxS (Figure 6c). VPD in July and August had a strong negative 

correlation on GEPmaxS (r=-0.78), but there was little relationship between VPD in other months 

and GEPmaxS.  

During the dominant timescale (July-September) at Kendall Grassland (US-Wkg), the 

correlation between precipitation and GEPmaxS was strong in both July/August and 

September/October (r=0.68 and r=0.69, respectively). The influence of Tmax and VPD on 

GEPmaxS was strongest in July and August (r=-0.50 and r=-0.67, respectively), and weak in 

September/October (Figure 6d). Exploration of the effect of VPD on daily GEP by month 

revealed a nonlinear but negative relationship between VPD and GEP, where GEP was very low 

or zero at high VPD, however  July was the only month where VPD regularly exceeded 3kPA 

(Figure 8).  Daily GEP was negatively influenced by VPD, but the strength of the negative effect 

was strongest in July, early in the growing season. In 2006, US-Wkg experienced a drought-

induced vegetation transition from native grasses, to a flush of forbs, to eventual establishment of 

invasive grasses in 2007 and beyond (Scott et al., 2010). While the vegetation transition is a 

potential confounding factor, the site was dominated by grasses in every year in the study period 

except 2006. To preserve temporal continuity, 2006 was included in the analysis. 

The Effects of the 21st-Century Drought on Biomes across the U.S. Southwest 

In studies of Southwest plant communities during the 21st century drought, research has 

predominantly focused on the effects of reduced precipitation on growth. Our work shows that 

there are critical sub-annual climate periods during which precipitation and temperature interact 

to influence vegetation production across biomes. This indicates that the interaction between 

precipitation and temperature impacts plant communities across biomes in the Southwest. Our 
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results underscore the need to integrate the effect of temperature on the water balance in models 

of interannual production, even in ecosystems commonly thought to be largely influenced by 

precipitation, such as grasslands. In addition, our results underscore the importance of the intra-

annual dynamics of climate drivers. Peak production was related to sub-annual SPEI in forests, 

shrublands, and grasslands, suggesting that intra-annual climate dynamics, rather than annual 

conditions, influence growth. Furthermore, our results indicate that ecosystem phenology is an 

important factor in assessing the impact of drought on productivity. A revisit of drought 

conditions at the dominant timescale indicated that Southwest forests have suffered more severe 

drought than shrublands or grasslands, which may further explain the decline of Southwest 

forests during the 21st century drought (Williams et al. 2013).  Overall, an improved 

understanding of interannual variability in production across biomes was provided by the 

inclusion of the effect of temperature on the water balance and the consideration of the dominant 

timescale.  

Understanding the empirical relationships underlying these ecosystem functional 

responses provided further insight into the sub-annual climate dynamics. We focused here on 

inter- and intra- annual changes in GEP and ecosystem phenology as ecological mechanisms. 

Site-level GEP correlations with climate drivers indicated that forest production was driven by 

cool season precipitation but constrained by high warm season temperatures. In shrublands and 

grasslands, production was driven by summer precipitation and constrained by high warm season 

temperatures.  Grasslands and shrublands operated at similar dominant timescales, though the 

timescale for grasslands was slightly longer than that of shrublands (3 months vs. 2 months).  

Compared to other biomes, grasslands respond quickly to even small precipitation events 
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through rapid carbon upregulation and regrowth (Scott et al. 2010, Hamerlynck et al. 2010). This 

quick response may allow them to be more responsive to late growing season precipitation, thus 

explaining the longer time scale. Grassland and shrubland production were both constrained by 

high VPD and temperature. However they differed subtly: in grasslands, the negative effect of 

high VPD and temperature was strongest early in the growing season in July, while in 

shrublands, the negative effect of high VPD and temperature was strong throughout the dominant 

timescale (July-August).  Small increases in temperature have an exponential effect on VPD, 

which is reflected in the strong negative correlation between VPD and GEPmaxS throughout the 

dominant timescale for all biomes.  

The use of satellite observations of vegetation greenness to approximate ANPP has been 

a common practice over the past 30 years (e.g., Goward et al., 1985 to  Zhang et al., 2015).  The 

theoretical basis for this link is based on the direct relationship between the interaction of solar 

radiation with the plant canopy and vegetation production (Huete et al., 2015). Many studies use 

vegetation indices as surrogates for ANPP (e.g. Ponce-Campos et al. 2013, Moran et al. 2014, 

Zhang et al. 2013). In situ measurements of ANPP result in uncertainties due to inconsistent 

sampling procedures across and within sites (Sala et al., 1988) and variability in the timing of 

peak greenness (Huete et al. 2015). Satellite measurements can provide greater temporal stability 

and less spatial uncertainty than plot-scale ANPP measurements in cross-site, long-term studies 

(Moran et al. 2014).  While we do not claim EVImax is a surrogate for ANPP, the importance of 

sub-annual climate dynamics likely extends to ANPP. 

The mechanisms controlling plant-water relations exert strong controls on the feedback 

between vegetation and climate via the carbon, water and energy balance of the ecosystem. The 
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projected future terrestrial carbon sink varies considerably depending on which land surface 

model makes the projection (Friedlingstein et al., 2014) and an assessment of eight models from 

the coupled model intercomparison project (CMIP5) indicates that model differences in the 

carbon uptake response to temperature, precipitation and soil moisture are an important part of 

this variation (Shao et al., 2013). The empirical relationships evident from this study (Table 5, 6) 

indicate that the effects of temperature and moisture on carbon gain in arid ecosystems are not 

easily separated. However they provide an opportunity to evaluate different models, as different 

hypothesized relationships between the carbon and hydrological cycles. In carrying out these 

evaluations we recommend that carbon water relationships at sub-annual timescales should be 

explored. Insofar as EVI can be used as a proximate ecosystem response variable, the availability 

of soil moisture estimates from NASA’s Soil Moisture Active Passive (SMAP) allows our 

findings to be explored for some ecosystems across large geographic areas more suited to 

comparison with land surface models.  

Overall, this study identified the existence of critical climatic timescales that influence 

productivity across biomes. Within these dominant timescales, consideration of the effects of 

temperature in addition to precipitation allowed us to improve predictions of plant functional 

responses to climate. Predicted higher temperatures in the Southwest will increase evaporative 

demand (Breshears et al., 2013) and drought severity (Cayan et al., 2010). Our results suggest 

that the co-occurrence of drought and high temperatures during critical sub-annual periods could 

reduce annual production, regardless of climate conditions throughout the rest of the year. 
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 Concluding Remarks 

This work has uncovered convergences in the timing and relative importance of climate 

drivers of productivity across the forest-to-grassland continuum in the Southwest United States. 

Interpretation of model results with flux data underscores the importance of investigating climate 

drivers at multiple temporal scales. Examination of daily GEP yielded important insights into the 

effects of temperature on production underlying the annual model results.  The coupled approach 

(remotely sensed observations and in situ flux measurements) has the potential to generalize the 

functional responses of vegetation to predicted future climate conditions. 
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Tables 

Table A-1. Characteristics, data availability, and locations of the eight Ameriflux sites used in 

this study.  

Biome Site 

IGBP 

Classification 

Fluxnet 

ID 

Elevation 

(m) 

MAT 

(°C) 

MAP 

(mm) 

Lat 

(°) 

Long 

(°) 

Flux Data 

Range 

Forest 

Flagstaff 

Unmanaged 

Forest 

Evergreen 

needleleaf 

forest US-Fuf 2180 7.8 659 35.09 -111.76 2006-2010 

  

Valles Caldera 

Mixed Conifer 

Evergreen 

needleleaf 

forest US-Vcm 3003 5.4 605 35.89 -106.53  Not used 

  

Valles Caldera 

Ponderosa Pine 

Evergreen 

needleleaf 

forest US-Vcp 2542 5.8 585 35.86 -106.6  Not used 

Shrubland 

Santa Rita 

Mesquite 

Savanna 

Woody 

savanna US-Srm 1116 18.4 425 31.82 -110.87 2004-2013 

  

Lucky Hills 

Shrubland 

Open 

shrubland US-Whs 1372 16.8 360 31.74 -110.05 2007 -2013 

  

Sevilleta Desert 

Shrubland 

Open 

shrubland US-Ses 1593 13.6 243 34.34 -106.74  Not used 

Grassland 

Kendall 

Grassland Grassland US-Wkg 1531 16 404 31.74 -109.94 2004- 2013 

  

Sevilleta Desert 

Grassland Grassland US-Seg 1622 13.6 242 34.36 -106.7  Not used 

 

Note: International Geosphere-Biosphere Programme (IGBP) vegetation classification for each 

site is presented.  All site data were compiled from publicly available information provided by 

Ameriflux principal investigators to the Ameriflux Site and Data Exploration System provided 

and maintained by Oak Ridge National Laboratory (ORNL) (http://ameriflux.ornl.gov/), except 

for mean annual temperature (MAT) and mean annual precipitation (MAP).  MAT and MAP 

were derived from Daymet long-term daily climate data (1980 -2013) extracted from the 1km x 

1km pixel closest to the flux tower. Daymet data were obtained through the ORNL Distributed 

Active Archive Center (DAAC). 
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Table A-2. Differences between the historic mean SPEI (1950 – 1999) and mean SPEI during the 

early 21st century (2000 – 2013) using SPEI calculated from the Global Drought Monitor for the 

eight study sites. Asterisks represent significant differences (P < 0.05) between 21st century and 

historic mean SPEI values. 

Site 

Historic Mean SPEI 

(1950– 1999) 

21st Century Mean 

SPEI (2000– 2013) 

US-Wkg 0.154 -0.774* 

US-Whs 0.148 -0.676* 

US-Srm 0.164 -0.796* 

US-Seg & US-Ses 0.012 -0.148 

US-Fuf 0.185 -0.920* 

US-Vcm and US-Vcp 0.157 -0.790* 
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Table A-3. Comparison of the late 20th century (1980– 1999) climate conditions with conditions 

in the early 21st century (2000 – 2013) at the eight study sites.  

Biome Site 

Consecutive 

Dry Years 

2000– 2013 

Consecutive 

Dry Years 

1980– 1999 

Warm 

season 

ΔT 

(°C) 

Cool 

season 

ΔT 

(°C) 

Warm 

season 

ΔP 

(mm) 

Cool 

season 

ΔP 

(mm) 

Forest US-Fuf 5 1 0.73 0.49 -62.61 -42.13 

 

US-Vcm 8 1 1.54 0.90 -88.54 -43.48 

 

US-Vcp 8 1 1.47 0.82 -84.62 -40.48 

 

Mean Forest Sites  1.25 0.74 -78.59 -42.03 

Shrubland US-Srm 8 2 0.81 0.45 -39.19 -85.73 

 

US-Ses 6 3 0.66 0.05 -27.76 -10.05 

 

US-Whs 6 2 0.75 0.35 -5.88 -60.03 

 

Mean Shrubland Sites 

 

0.74 0.29 -24.28 -51.93 

Grassland US-Wkg 6 2 0.67 0.23 -12.62 -78.50 

 

US-Seg 6 3 0.65 0.05 -25.14 -7.50 

  Mean Grassland Sites  0.66 0.14 -18.88 -43.00 

Note: ‘Consecutive Dry Years’ is defined as the number of consecutive years where 12-month 

SPEI (calculated from 1km Daymet data) <0.  Warm season (April – September) and cool season 

(October – March) Δ T is defined as the change in temperature (in °C) between the early 21st 

century and late 20th century mean seasonal temperatures. Warm season and cool season Δ P is 

the change in precipitation (in mm) between the early 21st century and late 20th century mean 

seasonal precipitation. 
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Table A-4. Revisit of drought conditions at the dominant timescale for each site. The number of 

years of drought (SPEI < -0.5) as determined by SPEI at the annual timescale (Oct – Sept) is 

compared to the number of drought years for the dominant timescale. The difference between the 

number of drought years using SPEI at the dominant timescale and annual SPEI is also 

represented. Positive values of “Δ Drought Years” indicates there were more drought years 

defined by the dominant timescale of SPEI than annual SPEI, and negative values indicate there 

were fewer drought years defined by the dominant timescale.  

Biome Site 

Drought 

Years 

(2000-2013) 

SPEI 

Annual 

Timescale 

Drought 

Years 

(2000-2013) 

SPEI 

Dominant 

Timescale 

 Δ Drought 

Years 

Forest  US-Fuf 5 6 1 

(SPEI9Sep) US-Vcm 7 9 2 

 

US-Vcp 7 9 2 

Shrubland  US-Srm 6 3 -3 

(SPEI2Aug) US-Ses 8 6 -2 

 

US-Whs 6 6 -2 

Grassland US-Wkg  8 7 -1 

(SPEI3Sep) US-Seg 6 5 -1 
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Table A-5. Comparison of models predicting current year peak EVI (EVImaxS(y)) as a function of 

current year precipitation (PTS(y)), previous year peak EVI (EVImaxS(y-1)), SPEI at the three 

timescales with the maximum correlation to EVImaxS (see Figures 5-7).  Selected models are 

shown in boldface. 

Biome Model AICc Δ AICc 

r-

squared 

Forest SPEI9Sep 51.4 0 0.45 

n = 24 PTS(y) + EVImaxS(y-1) 57.7 6.3 0.22ns 

 

PcoolS+ Tmax warmS 57.9 6.5 0.29 

 

PTS(y) 59 7.6 0.15ns 

Shrubland SPEI2Aug 93.3 0 0.45 

n =39 PTS(y) + EVImaxS(y-1) 98.1 4.8 0.25 

 

PcoolS+ Tmax warmS  107.3 14 0.22 

 

PTS(y) 111.6 18.3 0.07ns 

Grassland SPEI3Sep 61.3 0 0.54 

n = 26 PcoolS+ Tmax warmS  71.2 9.9 0.32 

 

PTS(y) + EVImaxS(y-1) 75.9 14.6 0.08ns 

 

PTS(y) 76.8 15.5 0.07ns 

 

Note: AICc is Akaike’s information criterion corrected for small sample sizes. Models are ranked 

by ΔAICc, from zero to higher values. If ΔAICc values for two candidate models differed by less 

than 2, we selected the model with the fewest parameters.  Italicized r-squared values with the 

superscript “ns” were non-significant (p>0.05). AICc values for nonsignificant models are 

italicized.   
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Table A-6. Comparison of models predicting current year EVImaxS as a function of SPEI at the 

dominant timescale for each biome compared to precipitation, and precipitation and temperature 

models for the corresponding timescale. Selected models are shown in boldface. 

Biome Model AICc Δ AICc 

r-

squared 

Forest SPEI9Sep 51.4 0 0.45 

 

P9Sep  52.7 1.3 0.35 

 

P9Sep +Tmax9Sep 52.9 1.5 0.42 

Shrubland P2Aug  87.9 0 0.49 

 P2Aug +Tmax2Aug 90.4 2.5 0.49 

 

SPEI2Aug 93.3 5.4 0.45 

Grassland P3Sep + Tmax3Sep 60 0 0.56 

 

SPEI3Sep 61.3 1.3 0.52 

  P3Sep 65.4 5.4 0.4 

 

Note: AICc is Akaike’s information criterion corrected for small sample sizes. Models are 

ranked by ΔAICc, from zero to higher values. Selected models are shown in boldface. If ΔAICc 

values for two candidate models differed by less than 2, we selected the model with the fewest 

parameters.    
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Table A-7. Comparison of selected EVImaxS models with GEPSmax from eddy covariance flux 

towers. Site acronyms are explained in Table 1.  Italicized R-squared values with the superscript 

“ns” were not significant (P>0.05). RMSE is root mean squared error.  

Biome 

Selected 

Model Sites Method 

Productivity 

estimate RMSE 

r-

squared 

Forest SPEI9Sep US-Vcp, US-Vcm MODIS EVI EVIsmax (t) 0.572 0.454 

  

US-Fuf EC Flux GEPSmax 0.596 0.556ns 

Shrubland SPEI2Aug US-Srm, US-Whs, US-

Seg 

MODIS EVI EVIsmax (t) 0.712 0.451 

  

US-Srm EC Flux GEPSmax 0.821 0.241ns 

  

US-Whs EC Flux GEPSmax 0.432 0.776 

Grassland SPEI3Sep US-Ses, US-Wkg MODIS EVI EVIsmax (t) 0.650 0.542 

    US-Wkg EC Flux GEPSmax 0.799 0.282ns 
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Figures 

 

Figure A-1. Locations of the eight Ameriflux sites across the Southwest United States, overlain 

on an image of the mean Enhanced Vegetation Index (EVI, 2.25 km x 2.25 km) over all years in 

the study period (2001 – 2013). US-Seg and US-Ses are Sevilleta Desert Shrubland and Desert 

Grassland, respectively. US-Fuf is Flagstaff Unmanaged Forest, US-Srm is Santa Rita Mesquite 

Savannah, US-Wkg is Kendall Grassland, US-Whs is Lucky Hills Shrubland. US-Vcp and US-

Vcm are Valles Caldera Ponderosa Pine Forest and Mixed Conifer Forest, respectively, and US-

Seg and US-Ses are Sevilleta Desert Shrubland and Desert Grassland, respectively.  
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Figure A-2. 16–day ensemble averages of MODIS Enhanced Vegetation Index (EVI, 2.25km x 

2.25km) for all sites used in this study grouped by biome: (a) forests (b) shrublands and c) 

grasslands. Data are averages (±1 standard error) across all years used in the study (2001–2013). 

Ensemble averages for US-Vcm and US-Vcp are for 2001-2012 only due to the 2013 Thompson 

Ridge Fire in the Valles Caldera National Preserve.  
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Figure A-3. Annual Standardized Precipitation-Evapotranspiration Index (SPEI) from 1950-2013 

for all sites. Lines shaded with red above and blue underneath are 0.5° SPEI from 1950 – 2013 

obtained from the SPEI Global Drought Monitor. Bars are SPEI from 1980-2013 calculated from 

1km Daymet data for each site. 12-month SPEI was computed at the end of the hydrologic year 

in September. Red indicates that SPEI is less than zero (dry) and blue indicates that SPEI is 

greater than zero (wet). Dashed lines represent wet spells (SPEI > 1.3) and extreme drought 

conditions (SPEI < -1.3). The gray shaded region of the graph indicates the time period 

examined in this study (2001 – 2013).   
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Figure A-4. The dynamic timescale of ecosystem response to combined precipitation and 

temperature (SPEI) for forests (a), shrublands (b), and grasslands (c). Points represent the 

correlation coefficient r between EVImax and SPEI ranging from one to 12 months, calculated 

back from July, August, and September.  
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Figure A-5. Relation between measured and modeled standardized maximum EVI (EVImaxS)  and 

the most parsimonious model for each biome. a) Forest model based on equation 8 (SPEI9Sep) 

based on two forest sites (US-Vcm, US-Vcp), b) Shrubland model based on equation 9 

(SPEI2Aug)  based on 3 shrubland sites (US-Ses, US-Srm, US-Whs), and c) Grassland model 

based on equation 10 (SPEI3Sep) based on 2 grassland sites (US-Seg, US-Wkg). RMSE is the 

root mean squared error of the difference between measured and modeled EVImax   
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Figure A-6. The correlation coefficient r between daily climate variables (P, Tmax, and VPD) 

and standardized maximum GEP (GEPmaxS) integrated over various time  intervals in forests (a), 

shrublands (b&c), and grasslands (d). Forests had a longer dominant timescale and thus longer 

integration intervals were used in forest analyses (a). Points represent the correlation coefficient r 

between climate drivers (precipitation and Tmax) and GEPmaxS. Bars represent the correlation 

coefficient between VPD and GEPmaxS.  
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.  

Figure A-7. Scatter plot of daily gross ecosystem production (GEP) against daily maximum 

temperature (TMax) measured at the US-Fuf site. Lines are fits from linear regression models. 

Vertical dashed line represents statistically determined breakpoint. 
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Figure A-8. The relationship between GEPmax and VPD during July (a) and August & September 

(b) at the US-Wkg (Kendall Grassland) site.  The coefficient of determination (R2) for each 

relationship is in the top right corner of each panel. Years are next to data points. 
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Abstract 

 

Earth's future carbon balance and regional carbon exchange dynamics are inextricably linked to 

plant photosynthesis.  Spectral vegetation indices are widely used as proxies for vegetation 

greenness and to estimate state variables such as vegetation cover and leaf area index. However, 

the capacity of green leaves to take up carbon can change throughout the season. We quantify 

photosynthetic capacity as the maximum rate of RuBP carboxylation (Vcmax) and regeneration 

(Jmax).  Vcmax and Jmax vary within-season due to interactions between ontogenetic processes and 

meteorological variables.  Remote sensing-based estimation of Vcmax and Jmax using leaf 

reflectance spectra is promising, but temporal variation in relationships between these key 

determinants of photosynthetic capacity, leaf reflectance spectra, and the models that link these 

variables has not been evaluated.  To address this issue, we studied hybrid poplar (Populus spp.) 

during a 7-week mid-summer period to quantify seasonally-dynamic relationships between 

Vcmax, Jmax, and leaf spectra.  We compared in situ estimates of Vcmax and Jmax from gas exchange 

measurements to estimates of Vcmax and Jmax derived from partial least squares regression (PLSR) 

and fresh-leaf reflectance spectroscopy.  PLSR models were robust despite dynamic temporal 

variation in Vcmax and Jmax throughout the study period. Within-population variation in plant 

stress modestly reduced PLSR model predictive capacity.  Hyperspectral vegetation indices were 

well-correlated to Vcmax and Jmax, including the widely-used Normalized Difference Vegetation 

Index. Our results show that hyperspectral estimation of plant physiological traits using PLSR 

may be robust to temporal variation. Additionally, hyperspectral vegetation indices may be 

sufficient to detect temporal changes in photosynthetic capacity in contexts similar to those 

studied here. Overall, our results highlight the potential for hyperspectral remote sensing to 
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estimate determinants of photosynthetic capacity during periods with dynamic temporal 

variations related to seasonality and plant stress, thereby improving estimates of plant 

productivity and characterization of the associated carbon budget.  

Introduction 

 Photosynthesis by land plants plays a critical role in regional and global carbon balance 

[1–3]. Globally, photosynthesis in the terrestrial biosphere, combined with photosynthetic and 

non-photosynthetic processes in the oceans, offsets 45% of anthropogenic carbon emissions 

annually [4]. Terrestrial carbon uptake by plants varies annually and seasonally based on climate 

conditions [5–9], water and nutrient availability [10,11], and plant physiological properties such 

as water use efficiency [12] and photosynthetic capacity [13].  The size and future of the 

terrestrial carbon sink remains a critical uncertainty in global climate models [14]. To accurately 

predict terrestrial carbon uptake, improved quantification of spatial and temporal variation in 

photosynthesis is necessary.  

 Spatial and temporal variation in plant photosynthesis can be estimated using remote 

sensing-derived spectral indices. Spectral estimates of green vegetation, including vegetation 

indices such as the Normalized Difference Vegetation Index (NDVI), are widely used to estimate 

photosynthesis and vegetation productivity across spatial and temporal scales [15–18]. Estimates 

of gross primary productivity derived from greenness measures rely on relationships between 

vegetation use of light energy and photosynthesis [19–22]. However, the capacity of green leaves 

to use absorbed light to convert CO2 into biomass varies dynamically throughout the season and 

with plant stress [23–26]. Many terrestrial biosphere models use static values of determinants of 

photosynthetic capacity [27]; however, there is some evidence that allowing photosynthetic 

capacity to vary temporally could improve representation of carbon dynamics [28]. The 
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photochemical reflectance index (PRI) is a hyperspectral vegetation index that detects diurnal 

changes in xanthophyll cycle activity and responds to seasonal shifts in leaf pigment 

concentrations [29]. PRI is used to estimate photosynthetic light-use efficiency [30]; however, its 

relationship to photosynthetic capacity is unclear. Spectral methods that capture dynamic 

temporal changes in photosynthetic capacity could yield more accurate estimates of vegetation 

productivity and associated carbon uptake.  

Photosynthetic capacity represents the potential of vegetation to fix CO2 under optimal light 

and water conditions. In this study, we estimate photosynthetic capacity through measurements 

of the maximum rate of carboxylation of RuBP by the enzyme rubisco (Vcmax) and the maximum 

rate of electron transport driving RuBP regeneration (Jmax)[31]. Some terrestrial biosphere 

models treat Vcmax and Jmax as fixed parameters [27]. However, these photosynthetic parameters 

vary in response to  climate conditions [32–35], atmospheric CO2 concentrations [36], plant 

stress [37], and seasonally in response to ontogenetic processes [38–40]. This seasonal variation 

can be important, given that process-based biosphere models that account for within-season 

variation in photosynthetic capacity show improved predictions of carbon flux dynamics [28].  

 Although hyperspectral remote sensing shows promise for predicting photosynthetic 

capacity based on leaf optical properties, questions remain regarding temporal variability. 

Estimates of photosynthetic capacity from remote sensing methods are desirable because of their 

potential to map Vcmax and Jmax across space and constrain terrestrial biosphere model estimates 

of plant function. Predictive models of photosynthetic capacity, conditioned based on leaf 

reflectance metrics, have been developed using partial least squares regression (PLSR) for 

multiple tree species across glasshouse temperature regimes [29], in C4 crop species[41], and in 
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C3 species at the canopy level [33].  Emergent studies on crop species using high-throughput 

phenotyping approaches further justify a better understanding of hyperspectral characterization 

of photosynthetic capacity [41–43]. Still unknown is whether hyperspectral methods of 

estimating Vcmax and Jmax are robust to temporal variation in these key determinants of 

photosynthetic capacity. Hyperspectral leaf reflectance correlates with leaf characteristics likely 

to cause seasonal variation in photosynthetic capacity such as chlorophyll content [44] , nitrogen 

content [45], light-use efficiency [46], and water status [47], while spectral vegetation indices 

capture some but not all of these factors. However, previous studies have generally used 

variation in reflectance and plant function across space rather than time to derive these 

relationships so it remains unknown whether hyperspectral methods of estimating Vcmax and Jmax 

are robust to temporal variation in these key determinants of photosynthetic capacity. We 

hypothesize that if seasonal variation in photosynthetic capacity is caused by a combination of 

leaf changes detectable by reflectance in bands outside of narrowband multispectral bands, then 

PLSR models that utilize the full reflectance spectrum will predict seasonal changes in Vcmax and 

Jmax. 

In this study, we evaluated the ability of hyperspectral data to represent and predict within-

season temporal variation in Vcmax and Jmax and examined the influence of water stress on the 

robustness of these estimates of photosynthetic capacity. We compared leaf reflectance spectra 

from hybrid poplar (Populus spp.) to Vcmax and Jmax estimates throughout a 7-week period in the 

middle part of the growing season. We discuss our results in the context of emerging 

hyperspectral remote sensing methods and terrestrial biosphere models of global carbon 

dynamics.  
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Methods  

Experimental Site 

 Our study was conducted using poplar trees, grown outdoors at the Biosphere 2 Research 

Center near Oracle, AZ, USA (32° 34’ 51” N 110° 50’ 57” W; 1189 m). Biosphere 2 is leased to 

the University of Arizona. Authors RKM, DJPM, and GABG were responsible for the poplar 

stand at Biosphere 2. No additional permission was required to carry out this study, which did 

not involve endangered or protected species. We studied the relationship between spectral 

reflectance and photosynthetic capacity in 12 individual Populus deltoides hybrid poplar trees. 

Trees were planted in random arrangement with 1 x 1 m spacing in January 2013. Each year 

during the dormant season, the trees were coppiced and destructively sampled for biomass. Study 

trees were randomly selected before the start of the experiment in May 2016. During the study 

period (5/24/2016 – 7/5/2016), the mean high temperature was 34.4 °C and the mean low 

temperature was 21.3 °C. We applied 38 liters of water per day per tree during the pre-dawn 

period for 2 weeks prior to the start of the experiment (5/1/2016 – 5/14/2016) using an irrigation 

system to begin the study in well-watered conditions. We also fertilized the trees on 5/14/2016 

using tree and shrub food (Arizona’s Best) to ensure the trees were not nutrient-limited at the 

start of the induced dry-down. The trees were exposed to ambient climate conditions and had no 

irrigation except for supplemental watering from 6/2/2016 through 6/6/2016 and additional 

watering on 6/20/2016, which avoided senescence and caused variance in the water status of the 

trees. On sampling dates, we measured predawn leaf water potential (Ψpd), leaf gas exchange, 

and hyperspectral leaf reflectance for each tree. The full suite of measurements was conducted 

on all 12 trees on consecutive sampling dates (6 trees per day), except for 6/30 when we 

measured all 12 trees in one day. 
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Predawn Leaf Water Potential and A/Ci Curves 

 Predawn leaf water potential (Ψpd) was measured using a pressure chamber (PMS 

Instruments, Albany, OR, USA). Leaves were collected before sunrise, transported to the lab in a 

cooler, and measured within 30 minutes of collection. One leaf per plant was measured per time 

point.  

 Leaf gas exchange was measured with two LI-COR portable photosynthesis systems (LI-

COR Biosciences, Lincoln, NE, USA) equipped with a 6400-02B LED light source. Gas 

exchange measurements were performed on the youngest, most fully-expanded leaf on the south-

facing side of each tree. Leaves were acclimated to the chamber at 25 °C, a chamber-air CO2 

concentration of 400 ppm, and a saturated photosynthetic photon flux density (PPFD) of 1800 

µmol m-2 s-1 until the photosynthetic rate (A) stabilized. Gas exchange curves were conducted 

only on leaves with an initial A > 10 µmol CO2 m
-2 s-1 to ensure that the leaves were active 

enough to yield appropriate estimates for photosynthetic capacity. Each curve consisted of 13 

different intercellular CO2 concentrations (Ci) starting at the ambient CO2 concentration of 400 

ppm and then decreasing to 300, 200, 100, 50 to 0 ppm before increasing to 400, 400, 600, 800, 

1200, 1600, 2000 ppm. We used the Predictive Ecosystem Analyzer (PEcAn) photosynthesis 

package to perform quality control of CO2 response data before fitting A/Ci curves 

(https://github.com/PecanProject/pecan). In total, 86 CO2 response curves passed quality control. 

We fit A/Ci curves using the ‘fitaci’ function in ‘plantecophys’ package in R [48]. The ‘fitaci’ 

function fits the Farquhar-Berry-Von Caemmerer Model of leaf photosynthesis [31] to 

measurements of photosynthesis and intercellular CO2 and estimates Vcmax and Jmax along with 

their standard errors.  
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Hyperspectral Measurements 

 Reflectance was measured on the same leaves as the gas exchange measurements using a 

high-spectral resolution ASD FieldSpec® 3 Full-Range (350–2500 nm) spectroradiometer 

(Analytical Spectral Devices, Boulder, CO, USA). Reflectance measurements were taken with a 

leaf-clip assembly containing an internal calibrated light source and a black background panel 

face. The relative leaf reflectance data were standardized prior to measurements of each leaf by 

measuring a standard white reference reflectance target. ViewSpec Pro® software was used to 

convert binary data to ASCII data. The spectral resolution is 3nm at 700 nm, 10nm at 1400 and 

2100nm across the full spectrum. The hyperspectral data are sampled at every 1nm. The 

spectroradiometer was turned on for at least 30 minutes before reflectance measurements were 

taken. The white panel reference reflectance was captured every 2-5 minutes. All measurements 

were taken from the leaf adaxial surface, avoiding the midrib. Three reflectance measurements 

were obtained on three different areas of each leaf lamina, resulting in nine spectra per leaf. Each 

measurement required no more than 5 s. Spectral reflectance measurements were quality-

checked by removing negative reflectance values. We then averaged the nine spectra to 

determine mean optical properties for each leaf. Measures of leaf optical properties generally 

occurred between 10:30am and 11:30am and followed gas exchange measurements by no more 

than 2 hours.  

Partial Least Squares Regression Models 

 Partial least-squares regression (PLSR) was performed to generate predictive models 

using the package ‘PLS’ in R [49]. PLSR is a multivariate regression method commonly used in 

spectroscopy because it can account for many related predictor variables and relatively few 

observations. PLSR identifies key components that explain variation in a trait variable and 
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generates a linear model to transform full-spectrum data based on these components. The 

package ‘PLSROpt’ in R was used for pre-processing the spectral data in the order of standard 

normal variate, a second-derivative Savitzky-Golay smoother, auto-scaling, and mean centering 

(https://github.com/uwadaira/plsropt). The model with the number of components that 

minimized the Root Mean Squared Error of Prediction (RMSEP) was selected as the most 

parsimonious PLSR model. Each PLSR model was generated independently for Vcmax and for 

Jmax. The spectrum range for all models was 450-2500 nm. Performance parameters were 

generated to assess the predictive ability of each model including the coefficient of determination 

(R2).  

 Three different evaluations of the PLSR model were performed in increasing order of 

statistical rigor. The first test was a "leave-one-out" cross-validation approach, which trains the 

model on all but one observation, and then makes a prediction based on the single remaining 

observation [50]. The second test was performed with a 20% holdout dataset; a random 80/20% 

split of the data divided it into a training and testing dataset, respectively. New PLSR models 

were generated based on calibration of the training dataset and validated based on the remaining 

20%. A 100x cross validation of training/calibration splits was performed to assess model and 

data stability across different proportions of testing and training data (S1 Fig). The third and 

most rigorous test of model stability was testing the model on the sampling dates with greatest 

variation in the population in terms of water stress (Ψpd). The two consecutive sampling dates 

with the largest individual variation in Ψpd, (6/23/2016 and 6/24/2016, n = 12) were held out. The 

model was trained on all data except for the holdout dataset and was tested on the 12 

observations with large variation in Ψpd. The purpose of this test was to assess model predictive 
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capacity in a situation with large within-population variation in environmental stress.  For each 

PLSR model, Selectivity Ratio (SR) scores were calculated to enable comparison of the relative 

significance of each wavelength in its contribution to the final model. Although the Variable 

Importance of the Projection (VIP) score is more widely used in the current scientific literature, 

SR has been found to be more reliable for model predictions and is thus presented in this study 

[51].   

Spectral Vegetation Indices 

 Spectral vegetation indices for estimating chlorophyll content, water stress, and 

carotenoid pigments were tested using the full set of observations (Table 1); these are all 

published indices used to estimate plant physiological status. The Normalized Difference Water 

Index (NDWI) was tested based on its correlation with plant water content in conifers [47], and 

PRI was tested based on known relationships with photosynthetic functioning [52,53] and 

environmental stress [54,55]. We also calculated ‘MODIS-like’ NDVI for all spectra. MODIS 

(Moderate Resolution Imaging Spectroradiometer) NDVI uses the red band (band 1; 620-670 

nm) and the near-infrared (NIR) band (band 2; 841-876 nm). For both the red and NIR, we 

calculated the full-width- half-maximum for the subset of wavelengths corresponding to the 

MODIS bandwidths using the ‘peakshape’ function in the ‘pavo’ package [56]. We then took the 

mean of all reflectance values between the endpoints of the width of the spectrum curve. We 

then applied the standard NDVI equation (see Table 1) to get a ‘MODIS-like’ NDVI. Pairwise 

correlations between Vcmax and Jmax estimated using standard gas exchange techniques and 

spectral indices were tested and R2 reported.  
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Results  

 Weather conditions, photosynthetic capacity, and pre-dawn water potential (Ψpd) varied 

over the course of our study (Fig 1). Conditions were generally hot and dry throughout the study 

period, with high daytime temperatures and Vapor Pressure Deficit (VPD) and low precipitation 

(Fig 1a). Mean daytime temperature (06:00 to 18:00 MST) ranged from 20.73 °C to 38.90 °C 

throughout the study period with a mean of 30.1 ±4.3 °C. Peak VPD (10:00 to 14:00 MST) 

ranged from 0.60 kPa to 7.2 kPa with a mean of 3.9 ±1.3 kPa. There was little precipitation 

throughout the study period with most (30.3 mm) of the total rainfall (36.1 mm) occurring 

between 6-28-2016 and 6-30-2016 (Fig 1a). Vcmax and Jmax both varied throughout the study 

period. Vcmax ranged from 43.9 to 130.4 with a mean of 75.7 ±20.8 μmol m−2 s−1. Jmax ranged 

from 76.7 to 261.2 with a mean of 150.1 ±37.5 μmol m−2 s−1. Vcmax and Jmax declined by 

approximately two-fold throughout the 7-week study period (Fig 1c, d). Vcmax and Jmax appeared 

to stabilize following the rain events between 6-28-2016 and 6-30-2016 which relieved water 

stress (Fig 1b). Pre-dawn water potential varied seasonally, with the lowest water potentials 

(most stressed) generally occurring in the middle of the study period (6-23 and 6-24, Fig 1b). 

Water potential values ranged from -1.35 to -0.8 MPa with a mean of -0.45 ±0.23 MPa. Leaf 

reflectance varied between individuals and temporally (Fig 2a). We evaluated our results first in 

terms of variability in leaf reflectance spectra in the study period, then evaluated estimates of 

Vcmax and Jmax from three different variations of PLSR models with increasing statistical rigor, 

and finally assessed relationships between Vcmax and Jmax and published hyperspectral indices. 

We performed three different evaluations of the PLSR models, presented in increasing 

order of statistical rigor. First, to assess the relationship between photosynthetic capacity and leaf 

spectra, PLSR models based on the complete dataset were developed. This least rigorous test of 
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temporal stability used the "leave-one-out" cross validation approach to quantify the relationship 

between leaf reflectance spectra (450 – 2500 nm) and Vcmax and Jmax. PLSR models predicted 

photosynthetic capacity accurately, with comparable model predictive ability for Vcmax (R
2 = 

0.72; Fig 3a) and Jmax (R
2 = 0.72; Fig 3b). The root mean squared error (RMSE) was lower for 

the Vcmax model (RMSE = 4.2, Fig 3a) than the Jmax model (RMSE = 18.2, Fig 3b). The 

predictive model for Vcmax only required two components to explain the variance, while the 

PLSR model for Jmax required four components.   

Second, to assess temporal stability of the model, the data were split into training and 

testing datasets to generate PLSR models. This second test of PLSR model stability used 80% of 

the observations for training and withheld a 20% holdout dataset for testing. The 20% holdout 

dataset was randomly selected from the full dataset and the remaining 80% were used to build 

PLSR models for Vcmax and Jmax. This procedure was performed 100 times with different 

randomly selected 20% holdout datasets (S1 Fig); the mean R2 for the 80/20 split was 0.64 ±0.03 

for Vcmax and 0.64 ±0.07 for Jmax (S1 Table). Models with a 20% holdout dataset that were 

representative of mean predictive ability are shown in Fig 3c and 3d; predictive ability was 

comparable for Vcmax (R
2 = 0.67; Fig 3c) and Jmax (R

2 = 0.69; Fig 3d). The predictive capability 

of the 80% model was similar to the predictive capability of the full cross-validated model (Fig 

3a and 3b). The RMSE was lower for the Vcmax model (RMSE=12.6; Fig 3c) than the Jmax model 

(RMSE = 17.6; Fig 3d). 

 Third, to assess temporal stability in situations with large within-population variation in 

environmental stress, the data was split into a testing and training set based on variability in Ψpd.  

This third and most rigorous test of PLSR model stability trained the PLSR model on low 
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environmental stress conditions (Ψpd) and tested it on the two consecutive sampling days with 

highest individual variation in Ψpd, (6/23 and 6/24; Fig 1c). PLSR models for Vcmax and Jmax in 

this third test differed in their predictive abilities. The predictive ability was only moderately 

reduced for Vcmax (R
2 = 0.51; Fig 3e), whereas PLSR model predictive ability was substantially 

reduced for Jmax (R
2 = 0.24; Fig 3f). The RSME was the same for both models (RMSE = 7.7; Fig 

3e, 3f).  

 To compare the relative significance of different wavelengths in a given PLSR model, the 

selectivity ratio (SR) was used as a method of variable selection. The SR was used to assess 

relative contributions of different portions of the spectrum to the overall PLSR model. Both 

Vcmax and Jmax models were sensitive to variation in the visible wavelength and near infrared (Fig 

2b, Fig 2c). Peak SR was at 703 nm for Vcmax and 583 nm for Jmax (Fig 2b, 2c). Contributions 

from the short-wave infrared regions were small to both Vcmax and Jmax models, however the 

SWIR contributed more to the Jmax models than Vcmax models (Fig 2b, 2c).   

To assess relationships between existing hyperspectral indices and photosynthetic 

capacity, correlations between Vcmax and Jmax and a suite of hyperspectral vegetation indices were 

compared (Fig 4). Estimated Vcmax and Jmax from hyperspectral chlorophyll and stress indices 

were well-correlated with measured values (Table 1). For Vcmax, four other metrics were all 

comparable to the full PLSR model (R2 = 0.72) based on the coefficient of determination: 

Maccioni (R2=0.72), Double Difference (R2=0.74), Vogelmann2 (R2=0.73), and SR1 (R2=0.74) 

(Fig 4a). The PLSR model for Jmax (R
2 = 0.72) outperformed all tested hyperspectral indices, the 

best of which was SR3 (R2 = 0.63; Fig 4b). Several indices had very low or non-significant 

correlations with Vcmax, including PRI, NDWI, mNDVI, and SIPI (Table 1). The mNDVI, SIPI, 
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PRI, and mSRCHL indices all had non-significant relationships with Jmax (Table 1). The 

hyperspectral normalized difference vegetation index (NDVI) had moderate predictive capability 

for Vcmax (R
2 = 0.49) and Jmax (R

2 = 0.46). The MODIS-like NDVI (“mod_NDVI”) performed 

better than the hyperspectral NDVI for both Vcmax (R
2 = 0.60) and Jmax (R

2 = 0.50) (Fig 4, Table 

1). 

Discussion  

 Our results show that leaf reflectance spectra can predict photosynthetic parameters 

across time, suggesting that these hyperspectral remote sensing techniques have great potential to 

constrain model estimates of plant function. In this study, relationships between leaf reflectance 

spectra and photosynthetic capacity were robust throughout a 7-week period with dynamic 

change in photosynthetic capacity. Hyperspectral vegetation indices to estimate chlorophyll 

content were correlated with the key determinants of photosynthetic capacity, Vcmax and Jmax. 

Predictions of Vcmax and Jmax from PLSR models derived from leaf reflectance spectra were 

proportionally-sensitive to observed variation in Vcmax and Jmax. These results support our 

hypothesis that PLSR models that utilize the full spectrum can predict photosynthetic capacity 

through time. These findings highlight the potential of hyperspectral remote sensing methods to 

accurately predict Vcmax and Jmax despite dynamic temporal variation in photosynthetic capacity 

related to within-season variation and plant stress.  

 Leaf-level hyperspectral data have previously been used to estimate photosynthesis [66] 

and photosynthetic capacity across temperature regimes in glasshouse experiments [32], and in 

diverse agroecosystems [41,42], but our study is the first to assess the impacts of in situ within-

season temporal variation on estimates of photosynthetic capacity derived from leaf reflectance 

spectra. As in previous studies, measured and PLSR-modeled leaf traits were significantly 
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correlated [32,42,66,67]. Regression models predicted Vcmax and Jmax during a 7-week period 

with dynamic declines in photosynthetic capacity. This is confirmation that the spectral signals 

detected by leaf reflectance observations are accurately tracking seasonal metabolic adjustments 

made within the photosynthetic machinery of the leaf. When PLSR models were trained on only 

80% of the data and tested on the remaining 20%, their mean predictive capability were similar 

to that of the full PLSR models. This shows that relationships between leaf reflectance spectra 

and Vcmax and Jmax are robust despite large variation in these values. Known hyperspectral 

vegetation indices had varying predictive capabilities. Hyperspectral vegetation indices 

developed for estimating chlorophyll content (e.g. SR1, Double Difference, Vogelmann 1) and 

plant stress (SRCarter) had the highest correlations with plant photosynthetic capacity (Table 1). 

The wavelengths that explained variance in photosynthetic capacity in the PLSR models (based 

on selectivity ratio) were consistent with the wavelengths that comprised the best-performing 

hyperspectral indices. The important wavelengths in PLSR models, based on Selectivity Ratio, 

for predicting Vcmax and Jmax largely fell in the visible and short wavelength end of the near-

infrared (~500 to 850 nm), with minor contributions from wavelengths in the short-wave 

infrared. Important wavelengths in the visible region fell largely in the blue region (450–495 nm) 

and red regions (620-650 nm) for the Vcmax models, which is consistent with the chlorophyll 

absorption regions (i.e. ∼430–460 nm and 640–670 nm). The highest-performing hyperspectral 

vegetation indices generally leveraged diagnostic differences in the red-edge portion (680-750 

nm) of the spectrum to estimate chlorophyll content. The red edge region of reflectance is known 

to be sensitive to differences in chlorophyll content, and chlorophyll content is generally 
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positively correlated with photosynthetic capacity [68]. Overall, both hyperspectral indices and 

PLSR models had the capability to predict variation in within-season photosynthetic capacity.  

 Accurate representation of photosynthesis in terrestrial biosphere models is essential to 

predicting future carbon and global change dynamics [69]. Although modeled rates of 

photosynthesis are sensitive to Vcmax and Jmax [3,70,71], most terrestrial biosphere models use 

static values for these parameters [27]. Furthermore, Vcmax and Jmax values are often 

parameterized based on limited or poorly represented data sets [27]. Monthly optimization of 

Vcmax improved process-based biosphere model (Organizing Carbon and Hydrology in Dynamic 

Ecosystems; ORCHIDEE) representation of seasonal carbon dynamics (NEE; Net Ecosystem 

Exchange) in a tropical evergreen forest in Brazil, however, seasonal parameter variations could 

not be extrapolated spatially [28]. Remote sensing observations can improve model 

representation of photosynthesis across spatial and temporal scales [31,55,72]. Our results 

support the use of remotely sensed estimation of photosynthetic capacity using hyperspectral 

observations. Furthermore, hyperspectral remote sensing could be used to incorporate spatially 

explicit photosynthetic capacity/environment relationships in next-generation trait-based models. 

Our results highlight the potential of hyperspectral remote sensing to parameterize determinants 

of photosynthetic capacity and inform trait-environment relationships in terrestrial biosphere 

models, thereby improving model representation of photosynthesis and carbon dynamics.  

 Although PLSR model predictive capabilities for Vcmax and Jmax were generally similar, 

there were differences in PLSR model performance and sensitivity between the two variables. 

The mean predictive capability of the 80% PLSR models were comparable for Vcmax and Jmax 

(Table 1); however, the variance in Jmax was nearly twice that of the variance in Vcmax (Table 1, 
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S1 Fig). A rigorous test of PLSR model performance in the population with individual variation 

in drought stress indicated modest reductions in predictive capability for Vcmax and substantial 

reductions in predictive capability for Jmax. This test of temporal stability indicates that predictive 

relationships between leaf reflectance spectra and photosynthetic capacity are reduced when 

there is within-population variation in environmental stress, particularly for Jmax. PLSR models 

for Jmax included more wavelengths in the short-wave infrared that are associated with leaf water 

content and internal structure. The performance improvement of the PLSR model for Jmax 

compared to simple indices underscores the importance of full spectral information for predicting 

this parameter (Fig 4b)[42]. Terrestrial biosphere models generally simulate Jmax as a function of 

Vcmax rather than as its own parameter [73]. However, our results suggest that Vcmax and Jmax may 

be differentially sensitive to within-population variation in environmental stress.  

 Quantifying temporal variation in relationships between photosynthetic capacity and leaf 

reflectance spectra is timely given the increasing availability of high resolution spectral remote 

sensing, such as hyperspectral overflights planned by the National Ecological Observatory 

Network (NEON) [74] and NASA’s Hyperspectral Infrared Imager (HyspIRI) mission [75]. 

NEON hyperspectral overflights, which may only occur once per year over a given region, may 

be used to develop predictive relationships between leaf reflectance spectra and photosynthetic 

capacity. Our results suggest that such predictive relationships developed from data in a short 

portion of the growing season could hold true throughout the growing season. The widely used 

NDVI had moderate predictive capacity for Vcmax and Jmax. Notably, our approximation of 

MODIS NDVI had higher predictive capacity than hyperspectral NDVI (Table 1). Detecting 

temporal changes in photosynthetic capacity using MODIS NDVI could improve model 
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predictions of photosynthesis given its broad spatial and daily temporal coverage. Another 

important consideration in extrapolating the results of this study to aerial and satellite remote 

sensing is additional technical challenges posed by these approaches, such as view angle effects, 

canopy architecture, and atmospheric effects. More studies are needed to further test temporal 

stability of relationships between leaf reflectance spectra and photosynthetic capacity in other 

contexts before relationships from a single hyperspectral overflight can be extrapolated through 

the growing season. Nonetheless, our results suggest promise for this approach. 

 

 In this study, spectral estimation of Vcmax and Jmax in hybrid poplar was robust to 

temporal variation of up to 200% in photosynthetic capacity. Applying remote sensing tools to 

predict photosynthetic capacity across a wider range of wildlands requires an in situ test of this 

method outside of agroecosystem or controlled glasshouse conditions across a time period of 

variable abiotic and biotic conditions. Our results show that relationships between photosynthetic 

capacity and leaf reflectance spectra developed from limited data can in some cases be 

extrapolated temporally. These results highlight the potential of hyperspectral remote sensing 

methods to detect dynamic temporal variations in Vcmax and Jmax related to seasonality and plant 

stress, thereby aiding improved estimates of plant productivity and associated carbon budget. 

Furthermore, our results suggest that terrestrial biosphere models could use hyperspectral remote 

sensing to parameterize Vcmax and Jmax within season to improve predictions of future carbon 

dynamics. Reliable and precise methods to estimate Vcmax and Jmax across spatial and temporal 

scales will improve understanding of ecosystem carbon uptake and the terrestrial carbon sink. 
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Tables 

Table B-1. Hyperspectral vegetation indices that were compared to estimated Vcmax and Jmax 

values.  
Index  Formula Reference R2 

Vcmax 
R2 
Jmax 

SR1 ρ750/ρ700 Gitelson and Merzlyak 1997 [57] 0.74 0.61 

Double Difference (ρ749-ρ720)-(ρ701-ρ672) le Maire et al. 2004 [58] 0.74 0.58 

Vogelmann1 ρ740/ρ720 Vogelmann et al. 1993 [59] 0.73 0.58 

mSR705 (ρ750-ρ445)/(ρ705-ρ445) Sims and Gamon 2002 [44] 0.73 0.57 

SRCarter ρ760/ρ695 Carter et al. 1994 [60] 0.72 0.61 

Maccioni (ρ780-ρ710)/(ρ780-ρ680) Maccioni et al. 2001 [61] 0.72 0.55 

SR3 ρ750/ρ550 Gitelson and Merzlyak 1997 [57] 0.70 0.63 

Gitelson 1/ρ700 Gitelson et al. 1999 [62]  0.62 0.52 

NDVI (MODIS-like) (ρ NIRMODIS - ρ RedMODIS)/(ρ NIRMODIS + ρ 
RedMODIS) 

see methods  0.60 0.50 

Datt4 ρ672/(ρ550*ρ708) Datt (1998) [63] 0.57 0.45 

SR4 ρ700/ρ670 McMurtey et al. (1994) 0.57 0.36 

SR2 ρ752/ρ690 Gitelson and Merzlyak 1997 [42] 0.56 0.53 

NDVI (hyperspectral) (ρ860-ρ690)/(ρ860+ρ690) Stimson et al. 2005 [47] 0.49 0.46 

Vogelmann2 (ρ734-ρ747)-(ρ715+ρ726) Vogelmann et al. 1993 [59] 0.17 0.14 

mNDVI (ρ800-ρ680)/(ρ800+ρ680-2ρ445) Sims and Gamon 2002 [44]  0.07 0.03ns 

NDWI (ρ860-ρ1240)/(ρ860+ρ1240) Gao 1996 [64]  0.06 0.20 

SIPI (ρ800-ρ445) Penuelas et al. 1995 [65] 0.06 0.03ns 

PRI (ρ531-ρ570)/(ρ531+ρ570) Gamon 1997  [52] 0.02ns 0.00ns 

mSRCHL (ρ800-ρ445)/(ρ680-ρ445) Sims and Gamon 2002 [44] 0.00ns 0.00ns 

 

The predictive formula (ρ= spectral reflectance) and reference for each index is shown in addition to 

the coefficient of determination for Vcmax and Jmax. Nonsignificant correlations are indicated with 

an “ns” superscript. Values of R2 above 0.50 are bolded. 
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Figures 

 

 

 
Fig B-1: Temporal variability in meteorological and physiological conditions throughout the 

study period. A) shows mean daytime temperature in °C (orange line; 06:00 to 18:00), peak VPD 

in kPa (purple line; 10:00 to 14:00), precipitation in mm and supplemental watering throughout 

the study period with dark blue bars representing precipitation and light blue representing 

supplemental watering days. B) Shows the time series of predawn water potential (MPa) 

throughout the study period. C) and D) show the time series of estimated Vcmax (μmol m-2 s-1) 

and Jmax (μmol m-2 s-1), respectively.   
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Fig B-2: Leaf reflectance spectra and wavelength importance in PLSR models. (A) Pooled 

reflectance spectra (λ = 450–2500 nm) for all plants studied throughout the course of the study 

period (5/24/2016 to 7/05/2017). The mean reflectance at each wavelength is shown by the red 

line, the maximum and minimum reflectance at each wavelength are shown by the blue and 

green lines, respectively. (B)&(C): selectivity ratio of each wavelength in the PLSR models 

tested on variable water potential. (B) Shows the selectivity ratio of each wavelength in the Vcmax 

PLSR model, and (C) shows the selectivity ratio of each wavelength in the Jmax PLSR model. 

The red lines in B&C are LOESS smoothers for visualization purposes. 
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Fig B-3.  Temporal stability of PLSR models. All figures show observed vs. predicted values 

from PLS regression models. A&B: leave-one-out cross-validation procedure for (a) maximum 

rates of RuBP carboxylation (Vcmax, μmol m-2 s-1) and (b) RuBP regeneration Jmax (μmol m-2 s-1), 

n = 86.  C&D:  representative 80/20% split of the data for PLSR (C) Vcmax (μmol m-2 s-1) and (D) 

Jmax (μmol m-2 s-1). Each model was trained on 69 observations and tested on 17 observations. E 

& F: models tested on the period with the greatest between-individual variation in pre-dawn 

water potential (Ψpd) for (E) Vcmax (μmol m-2 s-1) and (F) Jmax (μmol m-2 s-1).  Each model was 

trained on 74 observations and tested on the 12 observations on 6/23/2016 and 6/24/2016 when 

the population varied widely in Ψpd.  Statistical tests of increase in rigor moving downward.  
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Fig B-4. Comparison of predictive abilities of hyperspectral indices and PLSR models. 

Predictive capability for (A) maximum rates of RuBP carboxylation (Vcmax, μmol m-2 s-1) and 

(B) RuBP regeneration Jmax (μmol m-2 s-1). Pairwise correlations between Vcmax and Jmax 

estimated using standard gas exchange techniques and spectral indices were tested and R2 is 

reported. The R2 reported for the PLSR model is from the leave-one-out cross-validation 

approach. Indices with non-significant correlations are represented with “ns”.  
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SUPPORTING INFORMATION 

 
 

S1 Fig. Variance of R2 values based on proportion of data used for training the PLSR model. 

Each point represents the r-squared between predicted and actual Vcmax/Jmax values from 

PLSR using a random sample corresponding to the designated proportion of training data (each 

proportion was sampled 100 times). 
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S1 Table. Mean, median, and standard deviation of R2 values based on proportion of data used 

for training the PLSR model. The mean, median, and standard deviation in R2 of 100 PLSR 

models per training proportion are represented. 
 

  Vcmax    

Prop. 

Training  Mean R2  Median R2 

Standard 

Deviation 

30% 0.65 0.65 0.040 

40% 0.64 0.65 0.042 

50% 0.64 0.65 0.037 

60% 0.64 0.65 0.033 

70% 0.64 0.65 0.031 

80% 0.64 0.65 0.032 

90% 0.64 0.64 0.030 

 Jmax     

Prop. 

Training  Mean R2  Median R2 

Standard 

Deviation 

30% 0.48 0.48 0.11 

40% 0.53 0.53 0.11 

50% 0.57 0.59 0.11 

60% 0.60 0.62 0.11 

70% 0.62 0.65 0.10 

80% 0.64 0.66 0.066 

90% 0.65 0.65 0.042 
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Abstract 

Photosynthesis by terrestrial plants plays a crucial role in regional and global carbon cycling. 

Globally, photosynthesis in the terrestrial biosphere offsets 25-30% of anthropogenic carbon 

emissions every year. Recent studies have highlighted the dominant role of semi-arid ecosystems 

in both the trend and the interannual variability in the terrestrial carbon sink. Despite the 

importance of these water-limited systems, current earth system models and remote-sensing-

driven estimates of vegetation production do not adequately capture dryland carbon dynamics. 

Some potential explanations for this phenomenon include the spatial heterogeneity, the tight 

coupling between water and carbon cycles, and the rapid and carbon uptake in response to 

precipitation pulses in dryland systems. Here, we present DryFlux, a new product that fuses in 

situ flux measurements with remotely sensed observations in a machine learning algorithm to 

estimate dyland carbon dioxide uptake (gross primary productivity; GPP). Our machine learning 

model was driven by a dense network of eddy covariance sites spanning dryland ecosystem types 

and climate spaces (i.e. a gradient from winter to summer dominated precipitation regimes and 

mean annual precipitation range from 100 mm to 700 mm), and included a multiscalar drought 

index as a predictor. Improved characterization of intra- and inter-annual drought impacts on 

carbon uptake in our machine learning model resulted in more accurate predictions of 

interannual and seasonal variability in dryland carbon uptake. We found that our model trained 

in the North American Southwest provides more realistic estimates of drought impacts on the 

carbon cycle in global drylands, underscoring the process-based underpinnings of the drought 

terms in our model. We anticipate our data-driven product to be a starting point for a more 

sensitive accounting of drought impacts on the global carbon cycle and an improved benchmark 

for earth system models in drylands (both arid and semi-arid ecosystems). More generally, our 
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results demonstrate that the well-established link between the hydrologic and carbon cycles is 

likely crucial for accurate regional and global carbon modeling.  

Introduction 

Dryland systems, which include semi-arid and arid ecosystems, appear to have a 

disproportionate impact on both the trend and the interannual variability in the global terrestrial 

carbon sink (Ahlström et al., 2015; Poulter et al., 2014). There several key features of drylands 

that could explain this dominant influence on the global carbon cycle. Firstly, dryland 

{Citation}ecosystems are distributed throughout the world and occupy 40% of global land area 

(Wang et al., 2015). Secondly, drylands are also highly sensitive to variations in water 

availability (Loik et al., 2004), which can manifest in ‘flashy’ ecosystem responses: rapid carbon 

uptake and growth in response to resource pulses (Lauenroth & Bradford, 2009; Schwinning & 

Sala, 2004). The impacts of these flashy responses to moisture inputs propagate at longer 

timescales, influencing annual carbon uptake (Schwinning & Sala, 2004, Huxman et al. 2004). 

Overall, biogeochemical, energy, and hydrologic cycles are tightly linked in dryland ecosystems 

(Austin et al., 2004; Wang et al., 2015; Wilcox et al., 2011).  

Land surface and remote sensing models can quantify and predict terrestrial carbon uptake, 

however they are particularly challenged in dryland regions (Verma et al., 2014). Models of 

carbon dynamics are generally tuned to higher-productivity ecosystems, such as mesic and 

tropical forests, rather than drylands. Additionally, global models are informed by a small 

amount of data from dryland ecosystems. These models are designed to model the global carbon 

cycle, and are therefore not attuned to key features of drylands, specifically the flashy vegetation 

responses to moisture inputs and the high sensitivity to moisture inputs and drought. Proper 
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representation of dryland carbon dynamics could improve estimates of the land carbon sink and 

models of the global carbon cycle.    

Both satellite observations and flux measurements provide crucial information about the 

Earth's carbon, water and energy cycles. Continuous measurements from flux towers facilitate 

exploration of the exchange of carbon dioxide, water and energy between the land surface and 

the atmosphere at fine temporal and spatial scales, while satellite observations can fill in the 

large spatial gaps of in-situ measurements and provide long-term temporal continuity. Upscaling 

carbon flux observations using remotely sensed and gridded meteorological inputs can produce 

spatially and temporally continuous high-resolution estimates of carbon uptake (Jung et al., 

2011, 2017; Xiao et al., 2010). Existing upscaled products, such as the Fluxcom product, were 

designed for continental-scale and global analysis, and are generally based on remotely sensed 

estimates of photosynthetically active vegetation such as fAPAR (fraction of absorbed 

photosynthetically active radiation) and NDVI (normalized difference vegetation index). Some 

global carbon uptake products, such as the Moderate Resolution Imaging Spectroradiometer 

(MODIS) GPP product also include biome specific Light Use Efficiency values and atmospheric 

demand scalars, but still rely heavily on measures of satellite greenness. Additionally, existing 

upscaled flux products are informed by very few data records from dryland sites. These models 

do not include explicit representation of water-limitation and drought and may lack the spatial 

resolution to accurately account for high spatial heterogeneity (patchiness) that is characteristic 

of drylands (Aguiar & Sala, 1999). To accurately project changes in the global carbon cycle, 

models that accurately represent spatial, interannual, and seasonal variability in dryland carbon 

dynamics are necessary.   
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Drought duration, intensity, and frequency in many dryland regions such as the Southwest 

are expected to increase with human-induced climate change (Cook et al. 2015). Already, the 

early 21st century has brought prolonged drought, warm temperatures, and extreme rainfall 

events to the Southwest (Easterling et al., 2000; MacDonald, 2010). The Standardized 

Precipitation Evapotranspiration Index (SPEI) is a multiscalar drought index that is a good 

predictor of changes in ecological response to drought in drylands (Barnes et al., 2016; Vicente-

Serrano et al., 2012). It accounts for the impacts of both supply- and demand-side limitations to 

carbon uptake (i.e. soil moisture and atmospheric vapor pressure deficit) and also can be 

calculated to assess both intra- and inter-annual water deficits (Vicente-Serrano et al., 2010).  

It is challenging to represent and predict carbon uptake dynamics in drylands due to high 

spatial heterogeneity and diversity of ecosystems and forcing that can occur in close proximity 

(Anderson‐Teixeira et al., 2010; Barnes et al., 2016). The North American Southwest (Southwest 

United States and Northwest Mexico) is an exemplary location to develop a model tuned to 

drought-carbon dynamics because of its high spatial heterogeneity and associated patchiness that 

includes gradients of elevation and associated ecological and broad biogeographic regions 

(Mojave, Sonoran, and Chihuahuan deserts and California Mediterranean). In this study, we aim 

to evaluate the heterogeneous, region-wide sensitivity of carbon uptake to climate and use this 

sensitivity to estimate spatial and temporal responses of carbon uptake in dryland ecosystems to 

global patterns of drought and pluvials.  We use a network of 24 dryland flux sites in the 

Southwest representing diverse dryland ecosystems and climate spaces (Figure S1, (Biederman 

et al., 2016) to tune a machine learning model of GPP. Our approach focused on specifically 

accounting for the tight coupling between water and carbon cycles in drylands and represents the 



140 

 

seasonal and interannual variability in carbon uptake in these systems. A crucial difference 

between this upscaled product and other remote-sensing driven upscaled flux products is the 

explicit consideration of the impact of a multiscalar water balance (sub-annual SPEI) on GPP. 

Carbon dynamics in dryland ecosystems are controlled by water availbility and drought at both 

sub-annual and annual scales (Barnes et al., 2016). Therefore, we use the SPEI at multiple 

temporal scales to account for both short- (i.e. monthly) and long-term (i.e. annual) ecosystem 

water balance. SPEI accounts for the impact of both potential evapotranspiration and 

precipitation on the water balance, and is correlated with ecological response to drought (Barnes 

et al., 2016; Vicente-Serrano et al., 2012). Our approach consisted of two main components: first 

we derived relationships between climate and vegetation predictors and GPP from flux towers 

using machine learning algorithms, and second we applied the derived algorithm to remotely 

sensed data inputs to generate monthly wall-to-wall carbon uptake estimates from 2000-2015 at a 

1-km spatial resolution. We compare our DryFlux product to Fluxcom (Jung et al., 2017), an 

existing global upscaled GPP product. We also evaluate responses of aridland GPP to El Niño 

and La Niña conditions, which change the distribution of drought conditions around the globe. 

Results and Discussion 

The DryFlux product accurately characterized the relationship between interannual 

variability in GPP and 12-month SPEI (SPEI12) (Figure 1a). For many of the flux sites, the 

interannual variability in GPP from eddy covariance towers was positively correlated to SPEI12 

(Figure 1b), indicating that productivity across dryland ecosystems is strongly limited by 

variations in annual moisture supply. The response of GPP to interannual variations in water 

availability seen at most sites (Fig. 1b) was not well reproduced in the global Fluxcom product 
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(Figure 1c), but the DryFlux product better replicated the relationship for most sites (Figure 1d). 

The DryFlux model was more representative of the relationship between interannual water 

balance and annual carbon uptake in these dryland systems.  

Accounting for intra- and inter- seasonal drought dynamics along with improved spatial 

resolution led a to more accurate characterization of spatial heterogeneity, interannual variability, 

and seasonal variability in GPP (Figure 2). The DryFlux product (1 km) captured spatial 

heterogeneity in carbon uptake responses to moisture (Figure 2a), while at a coarser spatial 

resolution, many of the finer dynamics were neutralized (Figure 2b). Patterns in mean GPP 

(gCm-2day-1) in the DryFlux product (1 km) show improved representation of variation in GPP 

related to topography and elevation compared to the 0.5 ° global Fluxcom product (Fig 2a, b). 

Characterization of variability in GPP was improved in the DryFlux model (Fig 2c, S3). Direct 

comparisons of the DryFlux model aggregated to 0.5 ° with Fluxcom at a commensurate spatial 

scale still show improvement of DryFlux, indicating improved representation of water and 

carbon dynamics in drylands (Fig S8). Monthly DryFlux GPP explained 59% of the variance in 

monthly GPP observed from eddy covariance flux towers, and monthly modeled Fluxcom GPP 

explained 32% of the variance in monthly observed GPP (Fig 2c). Furthermore, the DryFlux 

model maintained accuracy at high levels of GPP (m (slope) = 0.93). The Fluxcom model 

consistently underestimated high monthly GPP values (m=0.4). The DryFlux characterization of 

the seasonal cycle of GPP captured the flashy seasonal dynamics of GPP in grasslands, 

shrublands, and forests related to intra-annual changes in water supply. In grasslands (d), Dryflux 

characterized summertime peak production related to monsoon rain inputs. In forests (d), 

Dryflux captured the characteristic dual peaked signature of GPP in Southwest forests, driven by 
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springtime snowmelt, a dry period in late spring, and summertime rain. In shrublands (f), 

Dryflux characterized the summertime peak in GPP driven by monsoon rains. Accurate 

characterization of dryland ecosystem response to water balance in DryFlux resulted in improved 

estimates of interannual variability and seasonal cycling.  

To assess the implications of our more realistic climatic control of dryland carbon uptake 

beyond the Southwest, we applied our model to dryland regions globally at a 0.5-degree 

resolution. The El Niño Southern Oscillation (ENSO), triggers global climate teleconnections 

that result in both positive and negative departures from normal rainfall patterns (Ropelewski & 

Halpert, 1987, Fig S4).To assess the impacts of these variable moisture conditions on carbon 

uptake in global dryland systems, we selected the strongest El Niño year and La Niña year in the 

MODIS data record based on the Oceanic Niño Index (Trenberth, 1997) . The strongest El Niño 

year was 2015-16 and the strongest La Niña year was in 2010-11. We compared annual carbon 

uptake per-pixel between 2015 and 2010 to assess the impacts of drought on carbon uptake in 

global drylands (Figure 3). Changes in carbon uptake in global drylands varied between regions, 

however carbon uptake was generally reduced in 2015 (strong El Niño year). Overall, 60% of 

dryland pixels had reduced carbon uptake in 2015 compared to 2010, and 40% had increased 

carbon uptake (Figure 3). Reductions in carbon uptake were generally larger than increases - 

some dryland pixels, particularly in Australia, had over a 150% reduction in annual carbon 

uptake in 2015 compared to 2010 (Figure 3). The large reductions in carbon uptake over 

Australia in the DryFlux upscaled product are consistent with rapid declines in GPP following 

the 2010-2011 La Niña event observed by flux towers in the region (Ma et al., 2016). Still 

needed is a validation of the globally upscaled DryFlux product using towers in Australia, 
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Africa, and other global dryland regions. The observed patterns in GPP are in accordance with 

expected El Nino-related shifts in rainfall (Fig S4). 

Overall, the upscaled 1km model resolved finer features of carbon uptake dynamics related to 

topography and spatial heterogeneity. The model more accurately represented key features of 

dryland ecosystem dynamics, including the characteristic dual peak in SW forests driven by 

springtime snowmelt and summer rains (Figure 2e) and rapid carbon uptake in flashy response to 

moisture inputs in southwest grasslands (as reflected in RMSE and the root mean square of 

successive differences (RMSSD), a measure of variability in a time series; Berntson et al., 2005). 

When applied to the global scale, the DryFlux model quantifies the substantial impact of water 

limitation on the global carbon cycle. Therefore, accounting for dynamics in drylands can 

improve predictions of carbon uptake in earth system models. Our work underscores the tight 

coupling between water and carbon dynamics in water-limited ecosystem, and highlights the 

need to accurately represent these processes in models of terrestrial carbon uptake. 

Drought impacts on the carbon cycle extend beyond dryland ecosystems (Jenerette et al. 

2012, Jung et al. 2017) and are projected to increase in the future. Temperature rise and 

associated increases in atmospheric vapor pressure deficit (Breshears et al., 2013; Novick et al., 

2016) are likely to cause decreases in carbon uptake in ecosystems like forests that are not 

currently water limited (Allen et al., 2015), potentially reducing the strength of the terrestrial 

carbon sink (Bonan, 2008). Models that account for drought impacts on the carbon cycle are 

crucial for predicting and understanding the global carbon cycle. Advances in satellite Solar 

Induced Fluorescence (SIF) technologies show promise for representing drought impacts on 

vegetation carbon uptake. Satellite SIF retrievals are highly correlated with GPP estimates 
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derived at global and seasonal scales (Frankenberg et al., 2011; Guanter et al., 2012).  Sun et al., 

(2015) found that GOME-2 SIF anomalies were a good proxy for monitoring both persistent and 

quick-onset droughts in near-real time. Across dryland eddy covariance sites, satellite SIF 

accurately characterized interannual and seasonal GPP dynamics (Smith et al., 2018). 

Accounting for drought impacts on carbon dynamics will become more important as 

temperatures increase and precipitation patterns change. 

Overall, this study highlights the crucial need to study coupled water and carbon dynamics in 

dryland ecosystems. Based on the comparison of our GPP product with a global model similar to 

those used in Earth System models, we suggest that dryland-driven interannual variability in the 

global carbon cycle may be underestimated by existing models that do not adequately account 

for the effects of annual and sub-annual moisture dynamics on vegetation productivity. Our 

DryFlux model showed greater interannual variability than the globally upscaled product that 

was more closely related to observed eddy covariance data.  Our product improves on existing 

globally upscaled products because it is informed by a dense network of flux sites across patchy 

(at the landscape level) dryland ecosystems, accounts for flashy ecosystem dynamics, and 

accounts for tight coupling between carbon and water cycling dynamics in drylands. 

Methods 

Carbon fluxes were upscaled from 24 eddy covariance sites across the North American 

Southwest using remote sensing and gridded meteorological inputs using a machine learning 

(random forest) approach (Liaw & Wiener, 2002). There were two steps to the upscaling process: 

first, relationships between predictor variables and monthly eddy covariance from flux towers 

were derived using random forest models. Second, the random forest models were applied to per-
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pixel gridded inputs to create spatially and temporally continuous GPP estimates from 2000-

2015. All analyses were conducted in the R language (R version 3.3.2) and environment for 

statistical computing (R Core Team 2013). 

Site-based Random Forest Models 

Relationships between predictor variables and monthly fluxes from eddy covariance towers were 

quantified using random forest models using the R packages ‘caret’ (Kuhn, 2016) and 

‘randomForest’ (Breiman and Cutler, 2018). Data inputs included monthly composites of 

Enhanced Vegetation Index (EVI) from the MODerate Resolution Imaging Spectroradiometer 

(MODIS). Meteorological variables including monthly precipitation, vapor pressure, incoming 

solar radiation, and maximum and minimum temperature were calculated from daily Daymet at 1 

km (Thornton et al., 2012). Also included were mean annual temperature (MAT) and mean 

annual precipitation (MAP) calculated as the mean of Daymet data from 1980-2015. Site 

elevation was also included. SPEI at 1 x 1km resolution was calculated from Daymet data using 

the ‘SPEI’ package (Beguería Santiago et al., 2014) and included as a predictor from 1-month to 

12-month timescales. Monthly potential evapotranspiration (PET) was calculated according to 

the Thornthwaite equation (Thornthwaite, 1948), using the ‘thornthwaite’ function in the SPEI 

package. The function ‘spei’ was used to calculate SPEI from PET and daily precipitation. 

Daytime average temperature was estimated from daily Tmax and Tmin from the equation for 

daylight weighted average air temperature (Running et al., 1987). 

 

The random forest model was trained using a random subset of 80% of the flux observations, 

with 20% held out for model testing (Freitag, 1998). The training method was repeated with 
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cross-validation with 5 k-folds (sample is randomly partitioned into k equally sized subsamples, 

trained, and tested on different combinations of folds k times) and 3 repeats. Variable selection 

was based on several factors intended to maximize both parsimony and model precision and 

accuracy. Variables that that contributed uniquely to reducing the variance in the model were 

selected based on the percentage increase in model standard error when that variable was 

randomly permuted (%incMSE). Additionally, a cross-validation procedure for feature selection 

was performed using the ‘rfcv’ function, which ranks predictors by variable importance (Svetnik 

et al., 2003). Regression-based machine learning models generally wash out the importance of 

rare events, such as peak GPP in this context. The 80% of GPP training observations were 

therefore transformed (square transformation) and rare observations were oversampled () to 

improve the model performance (site GPP > 1.6*sd). Variables and variable importance for the 

final random forest model are shown in figure S2.  

Remote Sensing Driven Upscaling 

Random forest models were applied to gridded satellite and meteorological inputs to the North 

American Southwest region at a 1 km scale. Gridded 1 km Daymet meteorological variables 

were obtained from the Oak Ridge National Laboratory DAAC (https://daac.ornl.gov/). Gridded 

MAT and MAP were calculated as the mean of Daymet temperature and precipitation from 

1980-2015. Elevation was obtained from the Hydro1K digital elevation model. The 1-month 

SPEI was calculated from gridded CRU data, and 6- and 12- month SPEI were obtained from the 

SPEI database ‘SPEIBase’ (http://spei.csic.es/database.html) at 0.5 degree resolution and 

downscaled to 1 km (Beguería et al., 2010; Beguería & Vicente-Serrano, 2013; Vicente-Serrano 

et al., 2010).   
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To validate the upscaled DryFlux model, we extracted the timeseries of GPP from 2000-2015 

from each of 24 flux sites and comparing it to the eddy covariance tower GPP. Comparisons 

between the upscaled product and tower data were performed at two different spatial resolutions: 

the 1km2 pixel surrounding each flux tower, and a 2 x 2 km grid surrounding each flux site. 

Models were evaluated for seasonal representation of carbon dioxide fluxes and interannual 

variability in carbon fluxes.  

Global Analysis 

Random forest models were applied to 0.5 º gridded inputs to predict GPP. Monthly 

Precipitation, Tmin, Tmax, and vapor pressure were obtained from the Climatic Research Unit 

(CRU) data, specifically CRU TS v. 4.01 (https://crudata.uea.ac.uk/cru/data/hrg/). Solar radiation 

and daylength were obtained from the NASA surface meteorology and solar energy SSE Data set 

(https://eosweb.larc.nasa.gov/cgi-bin/sse/global.cgi?email=skip@larc.nasa.gov). Monthly global 

NDVI data were obtained from the NOAA AVHRR Vegetation Health Product. The DEM used 

was the TEMIS GTOPO30 elevation data at 0.5 degree resolution 

(http://www.temis.nl/data/topo/dem2grid.html).  MAT and MAP were obtained from the 

WorldClim version 2.0 data set (Fick & Hijmans., 2017). SPEI data were from SPEIbase 

(Beguería et al., 2010). A mask for global drylands was created based on an updated global 

drylands map from United Nations Environment World Monitoring Centre and are in accordance 

with United Nations Convention to Combat Desertification definition of drylands 

(https://www.unep-wcmc.org/resources-and-data/world-dryland-areas-according-to-unccd-and-

cbd-definitions). 
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Figures 

 
Figure C-1: Relationships between 12-month SPEI (SPEI12) and interannual GPP at 20 eddy 

covariance sites in the Southwest. a) Correlation coefficients between annual GPP (in gCm-2year-

1) and SPEI12 for all 20 flux sites. The red segments indicate the correlation between observed 

GPP and SPEI12, and the green and purple bars indicate the correlation between SPEI12 and 

annual GPP in the Fluxcom and DryFlux models, respectively. b-d) Linear relationships between 

SPEI12 and annual GPP for all 20 flux sites for observed fluxes (b), and Fluxcom (c), and 

DryFlux (d).  
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Figure C-2: Improvements in DryFlux model compared to the upscaled Fluxcom GPP product. a 

& b) Change in mean daily GPP (gCm-2day-1) in a “normal” year in terms of precipitation (2007) 

and a drought year (2013) for the Fluxcom product (a; 0.5 degrees and the DryFlux product (b; 1 

km). Red values indicated reduced GPP during the drought year, and blue values indicate 

increased GPP during the drought year. c) Relationships between modeled GPP and observed 

GPP from eddy covariance flux towers. Monthly Fluxcom GPP and the associated linear 

equation are in green, and monthly DryFlux GPP and associated linear equation are in purple. 

The 1:1 line between modeled and observed GPP is in black. d-f) Accuracy of modeled GPP 

seasonal cycle compared to observed seasonal cycle of GPP for a representative grassland (d), 
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forest (e) and shrubland (f) site. The seasonal cycle represented as the average monthly GPP for 

all available years for each site. The red line is observed flux data, the green line is Fluxcom 

data, and the purple line is DryFlux.   



158 

 

 
Figure C-3: Comparison of gross primary productivity in global drylands between 2015 and 

2010. Percentage change per-pixel in annual GPP between 2015 (a strong El Niño year) and 

2010 (a strong La Niña year). Red pixels indicate reduced annual carbon uptake in 2015, and 

blue pixels indicate increased annual carbon uptake in 2015. The inset pie chart represents the 

total number of dryland pixels with a negative percent change in GPP (reduced uptake; black) 

and a positive percent change in GPP (increased uptake; white).   
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SUPPLEMENTAL MATERIAL 

 

 

Figure S1. Flux sites used in this study overlain on mean annual precipitation. Colors represent 

different semi-arid ecosystem types. Inset shows the distribution of semi-arid flux sites in climate 

space. Figure is from Biederman et al. 2016, Global Change Biology 
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Figure S2. Plot of variable importance in the final site-based random forest model. The left plot 

shows the percentage increase in mean standard error of the predictions as a result of 

permutations of a given variable. Higher numbers indicate higher variable importance. The right 

plot is the increase in node purity based in inter node variance. IncMSE is considered the more 

robust and informative measure of variable importance, however both are displayed here for 

clarity. 
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Figure S3. Correlation coefficient (r) between interannual variability between upscaled flux 

products and flux observations from eddy covariance towers. Each dot represents one site. 

Correlations are colored by significance level: blue dots indicate a significant correlation (p < 

0.05), and orange dots indicate nonsignificant correlations.  
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Figure S4. General shifts in rainfall patterns during El Niño conditions for comparison purposes 

with figure 3. Figure is from the National Atmospheric and Oceanic Administration: 

https://www.climate.gov/sites/default/files/IRI_ENSOimpactsmap_lrg.pngF 
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Figure S5. Mean daily gross primary productivity (2000-2016) for global drylands. The black 

box is the Southwest region where Dryflux was tuned. Data are at 0.5-degree resolution.  
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Figure S6. Global validation on two flux sites in Australia, AU-Stp (Stuart Plains; low lying 

plain) and AU-Dry (Dry River; open forest savanna). The red line is observed flux data, the 

purple line is DryFlux. Dryflux data are at 0.5-degree resolution. 
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Figure S7. Relationships between the mean seasonal cycle between eddy covariance flux 

observations and modeled products. Red is the tower flux data, purple is the DryFlux model, 

green is the Fluxcom model, and blue is the MODIS GPP timeseries. RMSE and correlation (r) 

are represented.  
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Figure S8. Relationships between the mean seasonal cycle between eddy covariance flux 

observations and modeled products with DryFlux run at 0.5-degree resolution. Red is the tower 

flux data, purple is the DryFlux model, green is the Fluxcom model. RMSE and correlation (r) 

are represented. 
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Figure S9. Linear relationships between SPEI12 and annual GPP for all 20 flux sites for observed 

fluxes (red), and Fluxcom (green), and DryFlux (purple), and MODIS GPP (blue).  

 


