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Abstract 

Rising temperatures with increased drought pose three challenges for 

management of future biodiversity.  First, are the species expected to be vulnerable 

concentrated in specific regions and habitats?  Second, are the impacts of drought and 

warming varying across regions?  Third, could recent advances in remote sensing 

techniques help us in monitoring the impacts in real-time?  This dissertation is an effort 

to address the above questions in three chapters.  

First, I used foliar chemistry as a proxy for drought vulnerability.  I used soil and 

moisture gradients to quantify habitat variation that could be critical for alleviating 

drought.  I used a large dataset of forest plots covering the eastern United States to 

understand how community weighted mean foliar nitrogen and phosphorus vary across 

climate and soil gradients. Critical to our approach is the capacity to jointly model trait 

responses.  Our analysis showed that nutrient demanding species strongly respond to 

environmental gradients.  The sensitivity of species to high winter temperatures is 

largely explained by soil variations.  Drought vulnerability of nutrient and moisture 

demanding species could be amplified depending on local soil and moisture gradients.  

Although local soil moisture may dampen drought-induced stress for species with large 

leaves and high water use, nutrient demanding species remain vulnerable on wet soils at 

dry climates.  Phosphorus demanding species prefer dry sites where climate is already 
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dry.  Declining nutrient demanding species with increasing hydrological deficit and 

decreasing moisture is expected to be most important in sites that are already dry. Our 

data showed that nutrient demanding species are abundant on Ultisols, Molisols, and 

water demanding species are abundant on Ultisols, Alfisols, and Inceptisols.  The 

findings are critical for conservations and maintaining the biodiversity. 

Next, I used space-borne remotely sensed vegetation indices to monitor leaf 

phenological development across climate gradients and ecoregions in the southeastern 

United States.  A hierarchical state-space Bayesian model was developed to quantify 

how air temperature, drought severity, and canopy thermal stress contribute to changes 

in leaf opening from mountainous to coastal regions.  We synthesized daily field climate 

data with daily remotely sensed vegetation indices and canopy surface temperature 

during spring green-up season. The study was focused on observation of leaf phenology 

at 59 sites in the southeast United States between 2001 to 2012.  Our results suggest 

strong interaction effects between ecosystem properties and climate variables across 

ecoregions.  The findings show that despite the much faster spring green-up in the 

mountains, coastal forests express a larger sensitivity to inter-annual anomaly in 

temperature than mountain sites.  In spite of the decreasing trend in sensitivity to 

warming with temperature in all regions, there is an ecosystem interaction: Deciduous-

dominated forests are less sensitive to warming than are those with few deciduous trees, 

possibly due to the presence of developed leaves in evergreen species throughout the 
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season.  The findings revealed mountainous forests are more susceptible to intensifying 

drought and moisture deficit, while coastal areas are relatively resilient.  I found that 

increasing canopy thermal stress, defined as canopy-air temperature difference, slows 

the leaf-development following a dry year, accelerates it after a wet year.  

Finally, I demonstrate how space-borne canopy “thermal stress”, i.e. surface-air 

temperature difference, could be used as a surrogate for drought-induced stress to 

estimate forest transpiration.  Using physics-based relationships that accommodate 

uncertainties, I showed how changes in canopy water flux may be reflected in surface 

energy balance and in remotely-sensed thermal stress.  Validating with field 

measurements of canopy transpiration in the southeastern US, I quantified sensitivity of 

transpiration to thermal stress in a range of atmospheric and climate conditions.  I found 

that a 1 mm change in daily transpiration may cause 3 to 4 °C  of thermal stress, 

depending on site conditions.  The cooling effect is large when solar radiation is high or 

wind speed is low.  The effect has the highest control on water-use during warm and 

dry seasons, when monitoring drought is essential.  I applied our model to available 

satellite and metrological data to detect patterns of drought.  Using only air and surface 

temperatures, I predicted anomaly in water-use across the contiguous United States over 

the past 15 years, and then compared with anomaly in soil water content and 

conventional drought indices.  Our simple model showed a reliable accuracy in compare 
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to the state-of-the-art general circulation models.  The technique can be used in varying 

time-scales to monitor surface water-use and drought in large scales. 
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1. Are nutrient-demanding species vulnerable to increasing 

drought?  

1.1 Introduction 

Warming and drought are implicated in forest diebacks globally (Gazol et al. 

2016, Allen et al. 2010), but the impacts will be mediated by habitat heterogeneity in 

ways that are poorly understood (Vose, Clark, and Luce 2016).  On the one hand, moist, 

fertile habitats could provide the ‘drought refuges’ needed to preserve the most sensitive 

species as the average climate becomes more arid.  On the other hand, the sensitive 

species that occupy these habitats could be the first to respond to drying climate, 

regardless of local habitat variation (Clark, Bell, et al. 2014).  In other words, tolerance of 

climate change entails an interaction between the effects of regional climate and local 

habitat heterogeneity, including soils and drainage.  The effects of this interaction could 

depend on species differences in nutrient and water requirements.  If foliar traits like 

leaf chemistry and leaf thickness provide clues to functional responses (Nardini and 

Luglio 2014, Li et al. 2015), then there is a joint trait response to consider—how the 

response of one trait depends on the responses of others (Clark 2016).  Traits cannot 

respond independently, because they are attributes of the same organisms—the 

response of an individual organism carries with its all traits simultaneously.  The joint 

response is complex not only because it is multivariate, but also due to the fact that traits 

are hard to analyze jointly, including continuous, discrete, ordinal, and categorical 

variables.  In the absence of probabilistic models for joint trait responses, current 
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understanding is limited to analyses of traits as independent responses or as descriptive 

ordinations (Wright et al. 2005, Westoby, Reich, and Wright 2013, Lamanna et al. 2014, 

Uriarte et al. 2016).  We developed generalized joint attribute modeling (GJAM)(Clark et 

al. 2016) that permits probabilistic inference on traits, including full uncertainty.  We 

apply it here to anticipate how drought-habitat interactions differentially impact species 

that are potentially most vulnerable: those with high nutrient and water requirements.   

Our analysis of climate-habitat interactions examines how local moisture 

gradients affect nutrient demanding species across regional climatic moisture deficits, 

and vice versa.  Local moisture gradients are determined by local hydrology, or 

‘drainage’—‘wet’ and ‘dry’ sites.  In our analysis of the USDA Forest Inventory and 

Analysis (FIA) data, these indices are assigned in the field and reduced here to ‘mesic’, 

‘intermediate’, and ‘xeric’ (Clark et al. 2014).  These differences are readily identified 

across the range of climate variation.  Regional moisture deficit is a climatic stress 

variable, quantified as the number of degree hours at negative water balance 

(evapotranspiration exceeds precipitation) (Clark, Vose, and Luce 2016).  A positive 

(negative) interaction between local and regional moisture (deficit) means that local 

moisture gradients are most important in dry climates, and vice versa; climatic moisture 

stresses are most severe on xeric sites (Figure 1.1).  Support for the hypothesis that 

locally moist habitats are an important refuge from drought comes from positive 
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(negative) interaction between local and regional moisture (deficit). We evaluate how 

this interaction differentially affects nutrient-demanding species. 

 

Figure 1.1: Variability of community weighted foliar traits (left) with moisture 

in wet/dry climates and (right) with different soil moisture regimes. The shaded area 

indicate 95% percent of predictive interval of the linear relationship. 

Drought risk could be greatest for nutrient demanding species, as reflected in 

foliar chemistry.  Despite considerable variation within species and even between leaves 

of the same species (Asner et al. 2014, Hu et al. 2015, Field and Mooney 1986), there is a 



 

4 

positive species-level correlation between foliar concentrations of N and P and whole-

plant demands for these nutrients (Pastor and Post 1985, Pastor et al. 1984, Walker et al. 

2014).  There is also a positive correlation between specific leaf area (SLA) and plant 

moisture demand (Rosbakh, Romermann, and Poschlod 2015, Wilson, Thompson, and 

Hodgson 1999).  If species-level differences in drought risk for N-demanding species 

(NDS), P-demanding species (PDS) and moisture-demanding species (MDS) are 

reflected in foliar chemistry and SLA, then community-weighted mean (CWM) (Ackerly 

and Cornwell 2007, Mouillot et al. 2013, Kunstler et al. 2016) values could identify 

habitats that support communities at greatest risk.  CWM values combine the abundance 

of each species on a sample plot as a weight that is applied to a mean foliar nutrient 

concentration for a species.  Sites characterized by high CWM values for foliar N/P could 

indicate habitats favorable for NDS/PDS, and vice versa.  Likewise, sites with high CWM 

SLA values could indicate favorable conditions for species with high moisture demands. 

Combining traits into foliar N:P ratios (Reich and Oleksyn 2004) can indicate 

nutrient limitation that directly influences growth and photosynthesis (Fisher, Badgley, 

and Blyth 2012). For example, reproductive investments may suffer in P-limited habitats 

(Fujita et al. 2014).  N limitation reduces photosynthesis (Kolber, Zehr, and Falkowski 

1988) and primary productivity (LeBauer and Treseder 2008).  CWM values for N:P ratio 

can locate areas of nutrient limitation. 
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Leaf habit can have a large influence on community weighted foliar traits.  

Evergreen species have considerably lower leaf N, P and SLA than deciduous trees, a 

relationship clearly identified in mapped CWM values.  Low CWM values dominate in 

the Coastal Plain and the Piedmont in the southeastern US and in the Laurentian and 

Adirondack forests in the northeast (Clark 2016).   

A legacy of studies finding that foliar N and P can be correlated with soil type 

(Walker and Syers 1976, Hedin, Vitousek, and Matson 2003, Chadwick et al. 1999, 

Vitousek et al. 1999) and climate (Reich and Oleksyn 2004, McGroddy, Daufresne, and 

Hedin 2004, Chen et al. 2013, Tjoelker, Reich, and Oleksyn 1999) suggests that drought-

habitat interactions for NDS and PDS could further depend on soils.  Rising 

temperatures could favor species with high foliar N and P demands, or not.  In regions 

with high winter temperatures, the rate of increase in photosynthetic carbon gain can 

exceed the increase in N and P uptake, potentially explaining low foliar N and P in 

warm climates (Reich and Oleksyn 2004, Wright, Reich, et al. 2004, Wu et al. 2014, Kang 

et al. 2011).  High winter temperatures combined with low moisture could also reduce 

nutrient uptake (Kirschbaum 1995, He et al. 2014).  Conversely, both NDS and PDS 

could increase with winter temperature due to stoichiometry imbalance (Reich and 

Oleksyn 2004, McGroddy, Daufresne, and Hedin 2004, Chen et al. 2013, Tjoelker, Reich, 

and Oleksyn 1999) or to poorly characterized impacts on root uptake (Kirschbaum 1995, 

He et al. 2014).  NDS and PDS could benefit from high winter temperatures due to 
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increased hydraulic conductivity in the soil-plant-atmosphere continuum (SPAC) 

system (Li, Sun, and Li 2014, Hobbie, Nadelhoffer, and Hogberg 2002, Weih and 

Karlsson 2001), and increased microbial activity, including decomposition (Campo, 

Gallardo, and Hernandez 2014, Reich and Oleksyn 2004, Hobbie, Nadelhoffer, and 

Hogberg 2002).  Soil phosphorous might be less affected by winter temperature than soil 

nitrogen (Hobbie, Nadelhoffer, and Hogberg 2002).   

NDS and PDS might benefit from high precipitation.  All else being equal, high 

soil moisture can promote nutrient transport and absorption by roots (He et al. 2014).  

There could be a non-linear relationship, as saturation leads to declining nutrient 

availability in poorly drained anaerobic environments (Walker and Syers 1976).  On long 

time scales, weathering can deplete nutrient availability (Chen et al. 2013, Peltzer et al. 

2010, Maire et al. 2015, Wu et al. 2014, Vitousek et al. 2010).   

Effects of habitat heterogeneity within landscapes might cause responses to 

diverge from those expected for the regional climate.  Moisture gradients occur in both 

wet and dry climates, raising the possibility of interactions.  Especially in dry climates, 

heterogeneity of soil moisture could provide the refuge for drought-intolerant species.  

Both NDS and PDS may benefit on moist sites from relatively high rates of 

mineralization and microbial activity (Bertiller et al. 2006) and root uptake (Ordonez et 

al. 2009).  Alternatively nutrient demanding species could suffer on anaerobic soils 

(Walker and Syers 1976) and nitrate reduction in wet sites (Hobbie, Nadelhoffer, and 
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Hogberg 2002).  The net effect of moisture gradients further depends on competition 

with the other species that also benefit from moisture, nutrients, or both.   

In addition to moisture gradients, climate change could interact with soils.  If soil 

heterogeneity mediates the response to warming (or drought), then interaction terms 

between soil and winter temperature and soil and deficit buffer the main effects.  Soils 

vary widely in fertility (Ordonez et al. 2009) and, thus, soil type could interact with 

drought effects on nutrient-demanding species.  In North America, young soils north of 

the glacial limit tend to be relatively nutrient rich (Hall and Shroba 1995, 1993, Filippelli 

et al. 2006).  Organic matter, which depends on parent material and drainage, is a 

proximate source of mineralizable nutrients for NDS and PDS (Ordonez et al. 2009).  

Substrate age, rock weathering, and leaching are among the important indicators of 

nutrient availability (Walker and Syers 1976, Hedin, Vitousek, and Matson 2003, 

Chadwick et al. 1999, Vitousek et al. 1999).  The degree of correlation between organic 

content and foliar chemistry (Chen et al. 2013, McGroddy, Daufresne, and Hedin 2004, 

He et al. 2014, Mason et al. 2012, Hobbie, Nadelhoffer, and Hogberg 2002, Maire et al. 

2015) can vary with habitat.  In warm climates, the role of symbiotic nitrogen fixation 

(SNF) to NDS could outweigh the role of nutrient uptake (Li, Sun, and Li 2014).  Physical 

access (e.g. impermeable soil layers) to access enriched soil and low rate of weathering 

due to rock type may weaken the relationship between soil and PDS (Vitousek et al. 

2010, Reich and Oleksyn 2004).  Specific soil types like Mollisols, with organic-rich 
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surface horizons, and Alfisols, Inceptisols and Ultisols with high total organic matter 

(Yang et al. 2014, Zinke et al. 1998) may benefit nutrient demanding species in ways that 

partially offset some effects of moisture stress.  NDS and PDS may likewise benefit on 

rich alluvial soils (Hatten et al. 2014).  Conversely, Vertisols, with deep clay-rich 

horizons can be unstable and suitable for some species.   

GJAM provides a framework to test whether or not landscape heterogeneity in 

moisture gradients and soils could provide habitat refuges for nutrient-demanding and 

moisture-demanding species with increasing drought.  First, we ask if there are regions 

and habitats important for NDS, PDS, and MDS at the community level, as reflected in 

CWM responses across climate and moisture gradients.  If so, do they coincide, as part 

of the same habitats?  Second, to what extent do these community-level sensitivities to 

drought depend on climate, moisture gradients, soil type, and the interactions between 

them?  Specifically, do ‘drought refuges’ contribute most to regional survival of 

nutrient-demanding species in dry climates?  Alternatively, are the biggest responses 

expected from moist climates and moist sites due to dominance by species most 

sensitive to both variables?  We synthesize regional and local information from a large 

number of sources on regional climate, local habitat, species abundances, and traits.  

These joint responses to interacting winter temperature, climatic moisture deficit, local 

drainage, and soil type are used to evaluate the role of habitat with regional climate 

variation.   
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1.2 Data 

Species, traits, and environmental data used in this study include forest 

inventories, climate, soils, ecoregion boundaries, site topography, and functional traits.  

Species distribution data were collected from 24,788 plots of the USDA Forest Inventory 

and Analysis (FIA) dataset, including 31 states in the United States, east of the Central 

Plains.  Each plot has an area of 0.0672 ha.  FIA data include diameters of 65 abundant 

tree species.  Tree allometry analysis was used to estimate species biomass for plots 

(Jenkins et al. 2003).  Climate data including monthly temperature (T) and precipitation 

(Pr) data, were used to derive minimum winter temperature, hydrothermal deficit, and 

hydrothermal surplus.  Winter temperature was derived from PRISM Climate Dataset 

(available online at: http://prism.nacse.org).  Hydrothermal deficit is based on the 

potential atmospheric demand (PET) and precipitation, as the number of degree hours 

in a season where Pr < PET (Clark, Vose, and Luce 2016).  The moisture index was 

obtained from FIA dataset Clark, Gelfand, et al. (2014).  Environmental variables are 

shown in Figure 1.2a-d.  Hydrothermal deficit and surplus, which vary nonlinearly with 

site temperature and precipitation, summarize moisture limitation and thermal 

surpluses at the regional scale.  Unlike deficit and surplus, which vary at coarse spatial 

scales, the moisture index is a plot-scale variable that depends on local topography. 

Soil data were extracted from the State Soil Geographic (STATSGO2, 

http://websoilsurvey.nrcs.usda.gov/) database.  Because some soil classes are either 

http://websoilsurvey.nrcs.usda.gov/
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similar to one another or poorly represented in FIA plots, several were aggregated and 

assigned the following acronyms 1) AlfInc (Alfisols and Inceptisols), 2) EntVert (Entisols 

and Vertisols), and 3) SpodHist (Spodosols with Histosols).  Other acronyms are Mol 

(Mollisols), UltKan (Ultisols-Kanhapludults), and Ult (Ultisols).  Figure 1.2e shows the 

geographic distribution of soil classes. 

Ecoregions (regions with similar climate and ecosystems) boundaries were 

extracted from the USDA Forest Service and the National Atlas of the United States data 

(available online at: http://www.fs.fed.us/rm/ecoregions/).  Ecoregions data were not 

directly used as predictors in the model, but rather were displayed on maps for 

reference.   

Trait data for all species are described and provided in Clark (2016).  Due to 

redundancies in various online databases (e.g., a study represented in the database as a 

primary source and then again in studies that use that source), trait values here were 

compiled from primary sources or from compilations, but excluding overlaps.  CWM 

trait values were obtained from species traits weighted by species abundance (biomass) 

on FIA plots.  Allometric equations from Jenkins et al. (2003) were used to translate tree 

diameters for each species into biomass and then summed over for each plot.  These 

species weights were used to obtain CWM values for foliar N, P, and SLA. 

http://www.fs.fed.us/rm/ecoregions/
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Figure 1.2: Spatial variability of environmental variables: (a) winter 

temperature, (b) site moisture index, (c) hydrothermal surplus, (d) hydrothermal 

deficit, (e) soil types based on taxonomy orders and (f) ecoregions (according to USDA 

Forest Service and the National Atlas of the United States). 
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1.3 Methods 

GJAM can be used to analyze CWM trait data as a trait response model (TRM) or 

as a predictive trait model (PTM) (Clark 2016).  PTM provides more precise inference 

and prediction and, thus, is adopted here.  GJAM accommodates the contributions to 

trait covariance that result from covariances among species in their responses to the 

environment and from the fact that traits can covary among species.  In PTM, species 

abundances are fitted, and traits are predicted, incorporating species responses, species 

covariance, trait responses, and trait covariance.  Theory and methods, including full 

uncertainty, are detailed in Clark (2016).  

Extensive variable selection included main effects and interactions involving 

winter temperature, moisture index, hydrothermal deficit, hydrothermal surplus, 

topographic slope, topographic aspect and soil orders.  The model with the lowest 

deviance information criterion (DIC) is the focus of this study.   

Sensitivity maps were generated as predictive distributions of derivatives, 

marginalizing over the posterior distributions of coefficients.  A prediction map was 

generated from climate and habitat variables q on locations j based on the original 

inventory plots.  The predictive mean sensitivity of trait m to predictor q at location j is 

given by  

�̂�𝑚𝑞𝑗 =
𝜎𝑞

𝜎𝑚

𝜕𝑦𝑚𝑗

𝜕𝑥𝑞𝑗
=

𝜎𝑞

𝜎𝑚
�̂�𝑚𝑞 +

𝜎𝑞

𝜎𝑚
∑ �̂�𝑚𝑞𝑞′𝑥𝑞′𝑗

𝑞′∈𝑄
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where mq is the main effect of q, mqq’ is the interaction with q’, xqj is the value of predictor 

q at j, Q is the set of predictors that interact with q, and 𝜎𝑞 and 𝜎𝑚 are the standard 

deviations of q and m, respectively.  We generated predictive distributions by 

marginalizing the posterior distribution.  In maps that follow sensitivity values were 

masked where 95% of posterior distributions include zero.   

1.4 Results 

CWM values of foliar N, P, and SLA show how NDS, PDS, and MDS are 

distributed across the eastern United States.  Figure 1.3 shows CWM values for foliar 

traits per unit mass.  Distributions of NDS and PDS show similarities and differences.  

Foliar N is low in the Southeast, the Laurentian forests, and the Adirondack forests, 

reflecting combined effects of climate, habitat, and evergreenness.  Low foliar P extends 

north through the Appalachians and Cumberland Plateau.  This leads to a shift at the 

glaciation limit (grey line in Figure 1.3).  High foliar P occurs on Mollisols, Alfisols and 

Inceptisols in the north central region, in forests that are not dominated by conifers, and 

in riverine forests of the lower Mississippi.  Species with high SLA are relatively 

abundant in the Appalachians mountains, the Eastern broadleaf forests, the Adirondack 

mountains, and the Prairie Parklands.  CWM N:P is high for mid latitude mountainous 

forest in Appalachian, Ozark and Ouachita Forests, the Interior Plateau and the 

Piedmont (Figure 1.4).  Values are relatively low north of the last glaciation limit and 

across the south, from the Coastal Plain to the lower Mississippi.  Variable selection 
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included those listed in Table 1.1: List of predictors in the model.  The selected model 

(with lowest DIC) includes winter temperature, moisture index, hydrothermal deficit, 

slope and aspect, and soils as main effects, and interactions between soil type and 

hydrothermal deficit, between soil type and winter temperature, between soil type and 

moisture index, and between moisture index and hydrothermal deficit.   

Table 1.1: List of predictors in the model 

Predictor Notation Justification and meaning 

Temperature temp Temperature control on traits 

Soil moisture moist Site wetness effect 

Hydrothermal Deficit deficit Atmospheric moisture balance 

Soil type soilAlfInc, 

soilEntVert, 

soilMol, 

soilSpodHist, 

soilUltKan. 

Soil control on traits 

Topography u1, u2 and u3  

Moisture squared I(moisture^2) Quadratic control of moisture 

Moisture and deficit interaction moisture:deficit Effects of wet sites in dry 

climate and wet climate in dry 

sites on traits.  

Moisture and soil interaction moisture:soil Moisture control on traits for 

different soil types 

Deficit and soil interaction deficit:soil Deficit effect on traits for 

different soil types 

Temperature and soil interaction temp:soil Temperature control on traits 

for different soil types 
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Figure 1.3: Community weighted mean (CWM) leaf traits across the eastern 

United States: (a) leaf nitrogen content per unit mass, (b) leaf phosphorus content per 

unit mass, and (c) leaf area per unit mass (specific leaf area). 

 

Figure 1.4: The distribution of CWM N:P suggests areas of phosphorous 

limitation in orange and nitrogen limitation in purple (a), latitudinal (b) and 

longitudinal (c) distribution of CWM N:P, and variation of CWM N:P with elevation. 

Reduced P limitation is suggested north of the last glacial limit (grey line). High 
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elevations are inclined toward high N:P ratio. The boxes and whiskers indicate 50% 

and 90% of the data, respectively. 

CWM values for foliar N, P, and SLA tend to decline with winter temperature 

(Figure 1.5-a) and show an intermediate optimum for moisture index (positive linear, 

negative quadratic terms).  NDS tend to marginally decline with hydrothermal deficit, 

but there is no evidence for a deficit effect on PDS.  MDS decline with deficit.  The 

moisture:deficit interaction term suggests different trends for NDS, PDS and MDS.  

While the interaction term does not show a significant pattern for NDS, it is negative for 

PDS and positive for MDS.  The negative interaction for PDS means that the moisture 

control on PDS is weakened at sites with dry climate.  The positive term for MDS means 

that moisture control on MDS is amplified at dry climates. 
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Figure 1.5: Posterior distributions of model coefficients for response variables 

(N, P, SLA) by climate variables (a) and soil types (b).  Coverage is 50% (boxes) and 

95% (whiskers).  Coefficients for soils in (b) are relative to the reference soil class 

Ultisols. 

Soil types exert strong effects on foliar traits and SLA. Figure 1.5-b shows how 

soil types contribute to foliar traits relative to the reference soil class (i.e. Ultisols).  NDS 

favor sites with UltKan, over Ult, followed by AlfInc, Mol, EntVert and SpodHist.  PDS 

show similar soil preferences as NDS, except the lack of preference of PDS between 

UltKan and Ult.  MDS prefer UltKan, followed by AlfInc, EntVert, Mol and SpodHist.  

Soils explain part of the variation in foliar traits as main effects, and they interact with 

winter temperature, moisture, and deficit (Figure 1.6).  Winter temperature effects on 
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NDS, PDS and MDS are buffered (opposite sign of the main winter temperature effect) 

in sites with AlfInc, Mol, EntVert and SpodHist, compared to the reference soil class 

(Ult) (Figure 1.6-a).  On UltKan soil, winter temperature effects on NDS and MDS are 

amplified (same sign as the main effect of winter temperature).  The winter temperature 

effect on PDS is buffered on UltKan soils.  Moisture effects on NDS, PDS and MDS are 

buffered on AlfInc, Mol and SpodHist soils, but not others (Figure 1.6-b).  Deficit 

impacts on NDS and PDS are amplified on Mollisols, but not others.  MDS are more 

affected by deficit in Alfisols , Inceptisols, Molisols, and Entisols and Vertisols 

(Figure 1.6-c). 

The full community data confound strong effects of evergreenness (Figure 1.7a-

c), an effect we can deconvolve with conditional prediction—predictions conditional on 

deciduous (Figure 1.7-d to f) versus evergreen (Figure 1.7-g to i) leaf habit.  Foliar N and 

P CWM values decline in evergreen dominated forests of the Southeast, Northeast, and 

Upper Midwest (Figure 1.7a-c).  To evaluate the climate—habitat interactions we need to 

supplement these predictions for the full community with those that are conditional on 

leaf habit.  The latter show these effects within leaf habit types (Figure 1.7d – i).  

Conditional predictions show low CWM foliar N in southern forests, increasing toward 

the north.  CWM foliar P likewise increase with latitude.  Within leaf habit types, CWM 

SLAs are highest in the Appalachians, New England and Laurentian forests, both 

conditioned on leaf habit and marginally. 
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Figure 1.6: Posterior distribution of model coefficients for interactions between model parameters and (a) winter 

temperature, (b) moisture, and (c) hydrothermal deficit
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Figure 1.7: Predicted leaf traits (a-c) and conditional predictions for deciduous 

forests (d-f) and evergreen forests (g-i).   
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Sensitivity of foliar traits to winter temperature, moisture, and deficit was 

obtained from their main effects and interactions (Figure 1.8).  NDS and SLA increase 

with winter temperature (positive in Figure 1.8a) in deciduous forest of the central and 

western forests and decrease (negative values in Figure 1.8a) in the southern Piedmont 

and coastal plains.  PDS decrease with winter temperature (all values negative in Figure 

6b), with the most negative values occurring in mid-latitudes forests (Figure 1.8b).  

Responses to hydrothermal deficits depend on moisture and soils.  Foliar N 

shows a positive deficit response in the Spodosols/Histosols soils in coniferous stand of 

the North and Florida, but negative responses elsewhere (Figure 1.8d).  CWM values for 

foliar P and SLA decline with deficit in all regions (Figure 1.8e, f).  All foliar groups are 

negative in the Midwest, the Eastern Broadleaf Continental forests, and the northern 

Appalachians.  Unlike the regional hydrothermal deficit, sensitivity to local moisture 

reverses from positive to negative for foliar traits.  Strong positive effects dominate the 

interior and Ozark Plateau.  Evergreen dominated forests in the North and Florida show 

negative responses (Figure 1.8g-i).  
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Figure 1.8: Sensitivity of leaf N, leaf P and SLA to (a-c) winter temperature, (d-

f) hydrothermal deficit and (g-i) soil moisture.   
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1.5 Discussion  

We found habitat heterogeneity is especially important for nutrient- and 

moisture- demanding species.  We found that heterogeneity in moisture gradients could 

provide habitat refuges for MDS in dry climates, but PDS and NDS cannot benefit from 

local moisture gradients where climate is dry.  The analyses showed that PDS adapted to 

dry climates can tolerate water-limiting conditions to a greater extent than NDS.  The 

model revealed strong connections between NDS, PDS and MDS and climate and 

habitat variables, including soil moisture and soil type.  Impacts due to low soil 

moisture and increasing deficit can be alleviated on local soil gradients.  Strong 

interactions, with geographic coherence, support the hypothesis that nutrient-

demanding and moisture-demanding species will respond differently across moisture 

and soil gradients with increasing drought.  Geographic patterns of CWM for foliar 

traits showed unlike MDS, distribution of nutrient demanding species predominantly 

coincide with soil gradients.  Variations in responses further suggest new combinations 

of NDS, PDS and MDS with climate change across heterogeneous habitats. 

1.5.1 Communities of nutrient- and moisture- demanding species 

NDS and PDS dominate north of the last glacial limit and in the lower 

Mississippi riverine forests.  In these regions, relatively fertile Molisols, Alfisols, and 

Inceptisols favor nutrient demanding species.  The strong boundary in nutrient-

demanding species and N:P ratio at the last glacial limit is one of the clearest indicators 
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of soil controls, particularly P-limitation. N-limited communities north of the glacial 

limit and P-limited communities to the south span a range of habitats.  

Although, previous studies have recognized a dominant soil effect on foliar N 

and P limitation (Reich and Oleksyn 2004, Townsend et al. 2007, Reich et al. 2010), we 

showed that there are several environmental variables involved.  Low foliar N:P in the 

north align with soils (i.e.  Spodosols-Histosols, Entisols-Vertisols and Molisols, 

Figure 1.5-b).  Similarly, in the Coastal Plain, Histosols and Spodosols are the dominant 

soils coinciding with N limitation.  High PDS in lower Mississippi riverine forests occur 

on alluvial Vertisols that are rich in P (Hatten et al. 2014).  In addition to soil effects, NDS 

decline to a greater degree than PDS with deficit (Figure 1.5-a), suggesting NDS may 

suffer most in dry climates and thus with increased aridity.  Our results suggest that the 

high relative abundances of N-fixing legumes in xeric climates (Eskew and Ting 1978) 

can be extended to climates where aridity is less extreme.  NDS disfavor high deficit and 

winter temperature to a great degree than PDS (Figure 1.5-a).  This results in high N:P 

ratio in Appalachians, Ozark, Ouachita and the eastern Broadleaf forests where winter 

temperatures is moderate and hydrothermal deficits is low (Figure 1.2-a and c).  The 

increase in N:P ratio with slope (see u1 in Appendix B: Mean values for the fitted 

coefficients to predict foliar traits), provides further evidence of P limitation in 

mountainous forests.   
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1.5.2 Climate and soil effects on nutrient-demanding species 

Declines in foliar N and P with winter temperature (Figure 1.1-a) could be 

explained by a temperature-induced imbalance in photosynthetic processes (Reich and 

Oleksyn 2004).  This is consistent with the hypothesis of adaptation to lower 

photosynthetic rate cold habitats.  If extra foliar N and P increase to compensate for 

slowed biochemical processes at low winter temperatures (Weih 2000, Weih and 

Karlsson 2001), then NDS and PDS should be abundant in cooler regions.  Results 

indicate that species with large SLA disfavor dry climates, where potential 

evapotranspiration is high.  An economically conservative strategy leads to an increase 

in species with low SLA in dry regions to preserve water (Lopez-Iglesias, Villar, and 

Poorter 2014).   

Our results support several previous studies that found a NDS and PDS prefer 

mesic habitats over xeric and hydric sites (Chen et al. 2013, Wright, Groom, et al. 2004, 

Wright, Reich, et al. 2004).  Adequate moisture promotes nutrient uptake and microbial 

activity (Ramirez, Craine, and Fierer 2012), including mineralization (Jin et al. 2013).  

The quadratic relationship of foliar N and P with soil moisture indicates the tendency 

for nutrient-demanding species to favor an intermediate moisture status (Figure 1.9).  

Foliar N and P may decline with moisture when available moisture becomes high.  

Nitrate reduction due to increasing moisture may reduce available nitrogen in soil 

(Hobbie, Nadelhoffer, and Hogberg 2002). 
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Figure 1.9: Quadratic relationships of foliar traits with soil moisture 

Responses to local moisture gradients and, thus, the interpretation of ‘drought-

tolerance’ cannot be lifted directly from abundances across regional climate gradients.  

Just as NDS and MDS benefit from increasing soil moisture, they may decline with 

increasing hydrothermal deficit (dry climate), but not in the same ways.  Low nitrogen 
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uptake in areas with dry climate could explain low foliar N. Despite expectations, we 

found no evidence that the hydrothermal deficit controls PDS (Figure 1.5-a).  

Soil mediates the responses of species, depending on nutrient demand.  NDS and 

MDS are most abundant on UltKan soils, while PDS are abundant on both Ultisols and 

UltKan soils.  Spodosols-Histosols show the strongest negative effects for NDS and PDS, 

following by Entisols Vertisols, Molisols, Alfisols, and Inceptisols.  This could be related 

to acidity and poor drainage.  Entisols-Vertisols often experiences unstable conditions 

with fluctuating water table and poor soil development.  These is biogeographic 

evidence for the connections between plant traits and soil chemistry that can include its 

effects on nutrient uptake (Chen et al. 2013, McGroddy, Daufresne, and Hedin 2004, He 

et al. 2014, Mason et al. 2012, Hobbie, Nadelhoffer, and Hogberg 2002, Maire et al. 2015).  

Communities of species with large leaves (high SLA) show a modified order of 

response, being most abundant on Ultisols and Alfisols, and Inceptisols, especially 

broadleaf forests of the Eastern US.   

Climate and moisture controls on NDS, PDS, and MDS is mediated on some soils 

but not others.  The soil effects can interact with winter temperature, moisture and 

precipitation, leading to variable climate responses across regions with different soils.  

Increasing winter temperature could alter soil controls in many ways.  In cold weather, 

enough moisture is likely to be available, promoting the nutrient uptake process (Li, 

Sun, and Li 2014) and providing habitats for NDS, PDS and MDS.  However, in warmer 
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areas, symbiotic nitrogen fixation becomes an important factor on controlling foliar N 

instead of soil nutrients (Li, Sun, and Li 2014).  Increasing winter temperatures may also 

change physical properties of the soil-water system, that may affect rate of nutrient 

uptake and soil controls on foliar chemistry (Reich and Oleksyn 2004).  Our results show 

that the winter temperature control is buffered on Spodosols, Histosols, Alfisols, 

Inceptisols, Entisols, and Vertisols (negative main effect and positive interactions, 

Figure 1.5-a).  This could be interpreted as an effect of the lower nutrient amounts 

because of insufficient “water availability due to warm climate” and “nutrient 

availability due to high decomposition rate” hypotheses.  The negative values of soil 

main effects and their interactions with moisture means soil controls on NDS, PDS and 

MDS increases with increasing moisture (Figure 1.5-b), as a results of the increasing root 

uptake (Kirschbaum 1995, He et al. 2014).  Leaching may be major factor in regions with 

high annual rainfall, amplifying soil effects on plants due to nutrient limitations 

(McGroddy, Daufresne, and Hedin 2004, Chen et al. 2013, Ordonez et al. 2009).  Soil 

acidity may also alter with increasing precipitation, affecting microbial activity and 

organic matter content (Maire et al. 2015).  This could explain strong decline of nutrient-

demanding species in Spodosols with high acidity (Figure 1.6-c).   

1.5.3 Hydrological refuge at wet sites and dry climate? 

Local moisture and soil gradients could shift drought impacts on moisture 

demanding species, but not on nutrient demanding species.  A “hydrological paradox” 
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could explain species preference in habitat heterogeneity, based on their nutrient and 

moisture demands.  Lowlands and downstream sub-catchments may maintain a 

relatively high soil moisture balance in dry climates.  In one scenario, wet sites could 

provide hydrological refuges for plants under climatic drought-induced stress.  Another 

possible scenario could be distributing drought tolerant communities in dry sites, due to 

adaptation to low water balance.  The moisture:deficit interaction term can verify 

whether local soil moisture can alleviate drought impacts.  Our results showed that 

despite the general geographical coincidences of CWM foliar traits, NDS, PDS and MDS 

follow different strategies (Figure 1.5-a).  The moisture effect on SLA is amplified in dry 

sites, suggesting MDS may favor local wet refuges in dry climates.  However, nutrient 

demanding species may not benefit from moisture gradients.  Drought impacts on NDS 

are only marginally alleviated in wet sites, but PDS follow the contrary strategy.  

Drought effects on PDS may be significantly lower in dry sites than in wet sites, due to 

adaptation.  This could be interpreted as shaping drought tolerant communities of PDS 

in regions with already low water availability.   

1.5.4 Effects of leaf habit on geographical patterns 

Predicted CWM traits conditioned on leaf habit demonstrate the responses to 

climate and habitat that are not tied to shifting relative abundance of evergreeness.  

Within both evergreen and deciduous groups of NDS increases with latitude (Figure 1.7-

a, d, g). PDS decline for both leaf habits in mid-latitude and mountainous forests of 
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Appalachians, Blue Ridge, Ozarks and Piedmont (Figure 1.7-b, e, h).  MDS increase in 

the Appalachians, New England, and Laurentian forests (Figure 1.7-c, f, i).  These results 

mean the overall patterns of nutrient- and moisture- demanding species are due 

responses to climate and soil gradients and not because of the shifts in relative 

abundance of species with contrasting leaf habits. 

1.5.5 Sensitivity to winter temperature, moisture and drought 

Both nutrient- and moisture-demanding species show highest (negative) 

sensitivity to high winter temperature in the South, where winter temperature is already 

high (Figure 1.8-a to c).  With rising winter temperature, NDS and MDS increase most 

on Alfisols and Inceptisols (Eastern Broadleaf forest and Appalachians) and decrease 

most on Ultisols (e.g. Piedmont).  PDS decrease with winter temperature in all soils 

(amplifying winter temperature effects, Figure 1.6-a), but to different extents.  PDS is 

most sensitive to winter temperature on Spodosols and Histosols and the least sensitive 

on Ultisols (Figure 1.6-a).  

Hydrothermal deficits show the strongest effects on Molisols for NDS and PDS 

and on Alfisols-Inceptisols for MDS.  Deficit interacts with moisture and soil gradients, 

resulting in heterogeneous sensitivity for NDS, PDS and MDS.  NDS in the Piedmont are 

not affected by deficit, due to soil effects (UltKan in Figure 1.6-c).  Increase in NDS with 

climatic deficit in the Laurentians, and Adirondacks, and southern Florida aligns with 

Spodosols-Histosols soils, where NDS are already limited (Figure 1.6-c) and in wet sites 
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across the eastern US (Figure 1.5).  NDS remain vulnerable to drought in rest of the areas 

(Figure 1.8-d), as the deficit impacts are amplified in site with Molisols, Alfisols, 

Inceptisols, Entisols or Vertisols (Figure 1.6-c).  PDS show a slightly different sensitivity 

to drought (Figure 1.8-e).  PDS are affected by increasing drought only in Prairie 

Parklands (with Molisols) and wet sites of the lower Mississippi (with Vertisols), where 

the impacts are amplified.  Other regions remain insensitive to deficit (Figure 1.6-c).  

Unlike nutrient demanding species, sensitivity of MDS to deficit is relatively 

homogeneous across the eastern United States.  MDS are most vulnerable to increasing 

drought in the Prairie Parklands, Eastern Broadleaf Continental forests and the northern 

Appalachians (Figure 1.8-f).  These regions are primarily covered by Mollisols and 

Alfisols and they already experience high hydrothermal deficits.  High clay fraction of 

Alfisols can preserve moisture over dry periods, which provide a suitable environment 

for species with small leaves (low SLA).  MDS are less sensitive to drought in rest of the 

continent, including the southeastern forests and northern sites where Spodosols is 

common.   

Patterns of sensitivity to moisture are relatively similar for nutrient- and 

moisture-demanding species in the eastern US (Figure 1.8- g to i).  Sensitivity of forests 

communities to moisture varies with soil and deficit.  Soil and moisture interactions are 

similar for NDS, PDS, and MDS (Figure 1.5-b), with the strongest buffering effect on 

Spodosols and Histosols.  This explains the negative effects of moisture in the southern 
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parts of the Coastal Plain, the Adirondack mountains and the Laurentian forests in 

northern latitudes.  Forests express a positive response to moisture in rest of the 

continent. 

1.6 Conclusions 

A comprehensive trait-based study was performed to quantify how nutrient- and 

moisture-demanding species respond to increasing drought and rising winter 

temperatures.  Both biotic (species interactions) and abiotic (climate and soil) variables 

were included in the analysis.  We showed how local soil and moisture gradients could 

shift vulnerability of nutrient and moisture demanding species to increasing droughts.  

The research revealed how soil and climate variables and their interactions explain 

distributions of NDS, PDS and MDS across the climate space, quantifying their 

sensitivity to the changing climates.  Nutrient demanding species may remain 

vulnerable to drought across a wide range of climatic conditions from low to relatively 

high latitude.  This is true even in areas rich in organic matter.  The results could be used 

in identifying sites where forests are vulnerable to drought.  While the significance is 

critical for conservation plans, local moisture gradients is a key component in 

prioritizing species with different foliar traits.  A comprehensive conservation plan 

demands for including both soil and climate factors and their interactions in analyses of 

species vulnerability.   
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2. Phenology paradox: why warming matters most where it’s 

already warm 

2.1 Introduction 

Changes in the timing and the speed of leaf development during spring green-up 

influence biosphere-atmosphere exchange of carbon (Keenan, Gray, et al. 2014, Peichl, 

Sonnentag, and Nilsson 2015) and water (Hayhoe et al. 2007, Fitzjarrald, Acevedo, and 

Moore 2001, Hufkens et al. 2016), length of the growing season (Keenan and Richardson 

2015, Fridley 2012), and perhaps even species distributions (Fridley 2012, Polgar, 

Gallinat, and Primack 2014).  Strong interaction effects on phenology involving 

temperature, moisture, and plant characteristics at the individual scale (Clark, Melillo, et 

al. 2014) suggest that regional phenological change could depend on climate-ecosystem 

interactions.  These individual-scale changes, combined with widespread impacts of 

phenological changes observed at continental scale (Fu, Zhao, et al. 2015), raise two 

important questions.  First, could climate-ecosystem interactions control, perhaps even 

dominate, the leaf unfolding process across different ecoregions? Second, could water 

availability and canopy thermal stress slow phenological development in ways that 

could be directly quantified?  If so, we might better anticipate the combined effects of 

warming and drought.  Answers to these questions require spatio-temporal analysis that 

admits full uncertainty on continuous phenological development and observations 

thereof across regions.  Clark, Melillo, et al. (2014) and Clark, Salk, et al. (2014) 

introduced this approach to phenology at the individual scale.  We extend it here to the 
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role of interactions at biogeographic scales.  We combine field data with remotely sensed 

observations of forest vegetation indices to quantify how inter-annual variation in 

environmental variables influence the speed of spring green-up across ecoregions and 

climatic gradients in the southeastern United States. 

Inconsistency in phenology measurement and analysis could be partly 

responsible for inconsistent interpretations (Schwartz, Ahas, and Aasa 2006, Polgar and 

Primack 2011, Cleland et al. 2007, Fu, Piao, et al. 2015, Fu, Zhao, et al. 2015, Richardson 

et al. 2013, Xie et al. 2015).  Phenological trends have been measured by a range of 

metrics, including a date of onset of green-up, of minimum greenness, and of peak of 

greenness (Fisher, Mustard, and Vadeboncoeur 2006).  It can be duration, such as length 

of growing season (Reyes-Fox et al. 2014).  It can be a rate, such as the slope of greenness 

with respect to time at a specific date (Buitenwerf, Rose, and Higgins 2015) or 

continuously throughout the development period (Clark, Melillo, et al. 2014, Clark, Salk, 

et al. 2014).  Some studies have used multiple metrics, combinations of all (Buitenwerf, 

Rose, and Higgins 2015).  Most models have focused on the timing of events, such as 

date or degree days at budburst (Figure 2.1-a).  Despite, the large number of studies on 

leaf phenology (Fridley 2012, Xiao et al. 2006, Keenan, Gray, et al. 2014, Fisher, Mustard, 

and Vadeboncoeur 2006), the interactions involving climate and ecosystem properties 

remain poorly understood (Yue et al. 2015, Beedlow et al. 2013, Cufar et al. 2012).  

Taking the southeastern (SE) US as an example, compressed ecoregion gradients, from 
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coastal zones to mountainous forests and inland regions, include differences in daily, 

seasonal, and inter-annual climate variation and leaf habit (e.g., deciduous, evergreen).  

Understanding warming effects on the growing season depends on these interactions.   

Models that can evaluate development continuously are needed to determine the 

climate-ecosystem interactions that control the growing season.  Paradoxically, while 

green-up comes earlier in warm regions, it is in fact slower (Clark, Salk, et al. 2014).  In 

other words, mean temperature has a positive effect on onset of green-up, while its 

effect on rate is negative.  Moreover, global warming is all about temperature 

anomalies—changes in daily temperatures from one year to the next.  If temperature has 

opposing effects on onset versus rate, then warming effects must be inferred 

dynamically.  The paradoxical slower development in warm regions is accurately 

quantified by the continuous development model (CDM) of Clark, Salk, et al. (2014), 

because it captures both timing and rate.  Unlike degree-day models, which aggregate 

temperature variation into a single number for a given day, the CDM tracks its changing 

impacts over time. Because it is continuous, it further separates the effects on mean 

temperature effects and the day-to-day anomalies.  This dynamic capability can embrace 

the interactions that involve both static and dynamic variables (Figure 2.1-b).  CDMs can 

quantify influence of environmental variables such as warming and droughts and their 

interactions with ecosystems. 
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Figure 2.1: Static (a) vs. dynamic (b) modeling of phenology. Unlike static 

frameworks, dynamic (continuous development) models predict changing sensitivity 

over time. Dynamics models infer both rate and timing of events, i.e., continuous 

change in rate.  Figure b shows a simulated dynamic modeling of phenology.   

CDM allows us to reconsider the important insights from a range of previous 

analyses, while combining them to infer climate-ecosystem interactions.  Changing 

temperature, precipitation, moisture and their interactions may or may not affect 

phenology across ecoregions.  Temperature effects on green-up (Schwartz, Ahas, and 

Aasa 2006, Polgar and Primack 2011, Cleland et al. 2007) have been demonstrated with 

cumulative heat indices (e.g. degree days) (Jing, Li, and Liu 2016, Kwit, Rigg, and 

Goldblum 2010), but there could be interactions that regulate its effects.  Sensitivity of 

leaf unfolding to warming may be limited by unmet vernal chilling and/or photoperiod 

requirements (Fu, Zhao, et al. 2015).  The effects of warming may vary widely 

throughout spring green-up, due to changing physiological sensitivity during 

development (Clark, Melillo, et al. 2014).  Hydrological stress, as a result of warming, 

could also delay leaf development (Wang et al. 2016).   
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There is growing evidence that temperature effects interact with moisture and 

precipitation. Inter-annual and regional variation in precipitation may influence leaf 

unfolding (Zeppel, Wilks, and Lewis 2014).  During drought, stomata closure slows 

photosynthetic rates thereby delaying leaf-out (Yousfi et al. 2015).  In many regions, soils 

are fully recharged in early spring, and soil moisture deficit remains low.  Where 

moisture is not limiting during green-up there could be little response to spring rainfall 

(Rollinson and Kaye 2012, Hernandez-Calderon et al. 2013, Kaye and Wagner 2014).  

Conversely, green-up may respond to spring rainfall during multi-year droughts and in 

regions characterized by spring moisture deficits  (Kaye and Wagner 2014, Hayden, 

Greene, and Quesada 2010).   

Strong interactions could determine green-up variation across ecoregions, but 

current evidence does not agree on how.  For example, leaf-out dates are more 

responsive to temperature at high latitudes and altitudes compared with warm low 

latitudes and elevations (Cufar et al. 2012).  By contrast, green-up may respond most to 

warming, where growing seasons are long, at low latitudes (Clark, Melillo, et al. 2014) 

and in moderate maritime climates near coastlines (Yue et al. 2015).  Individual tree 

phenology may be more sensitive to warming in southern than northern US forests, 

potentially due to the compressed seasons in the north (Clark, Melillo, et al. 2014).  

Similarly, experimental data from climate gradients suggest that early spring growth in 
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coastal sites is more sensitive to temperature than in mountain sites (Beedlow et al. 

2013).   

Variations of leaf habit across ecoregions could determine how phenology 

responds to warming (Zhang et al. 2015), but this has not been quantified at the 

ecosystem scale.  On the one hand, evergreens may respond more slowly to climate 

change than deciduous species, as they tend to display a weak seasonality (Dalmolin et 

al. 2015).  On the other hand, deciduous trees may be less sensitive to daily weather 

variability due to a faster green-up.  CDM can help us to quantity the responses.  Leaf 

habit may also interact with drought.  Phenology and growth of deciduous trees may be 

more sensitive to drought than evergreens (Montserrat-Marti et al. 2009).  Deciduous 

species with large leaves could disproportionately respond to changing 

evapotranspiration demand, light and incoming energy (Dalmolin et al. 2015).  

Distinguishing drought impacts varying with leaf habit can be directly measured by 

CDM. 

We develop a Bayesian state-space approach to quantify dynamic changes in 

forest green-up at landscape scales.  State-space models quantify a dynamic 

development process (Ibanez et al. 2010), including observation error (Clark and 

Bjornstad 2004, Burthe et al. 2011), and the model uncertainty (Clark, Melillo, et al. 2014, 

Rizzardi 2008).  This CDM accommodates nonlinear responses of leaf phenology to 

environment (Korner and Basler 2010), which changes throughout the development 
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(Clark, Salk, et al. 2014).  We use this approach to quantify how inter-annual variation in 

climate affects phenology, depending on ecoregions of the southeastern United States.  

Analyses include the interactions involving temperature and moisture, and how they 

differ from coastal to interior mountain environments with different levels of 

evergreenness.  

2.2 Data, methods and study design 

To determine climate-ecosystem interactions we considered the regional scale.  

Because it spans coastal lowlands to mountainous interior and a range of climates, we 

analyzed vegetation and climate for the southeastern United States.  This region falls 

within the coverage of the MODIS h11v05 tile, including Georgia, Indiana, Kentucky, 

Maryland, North Carolina, Ohio, South Carolina, Tennessee, Virginia And West 

Virginia.  To simplify discussion, we use physiographic boundaries as a geographic 

reference.  We selected specific sites for analysis in the physiographic provinces that 

include the Appalachian Plateau, Blue Ridge, Coastal Plain, Interior Low Plateaus, 

Piedmont, and Valley and Ridge.  The geographically adjacent provinces of Appalachian 

Plateaus, Interior Low Plateaus, and Valley and Ridge are merged as the reference class 

to focus on three regions: Blue Ridge Mountains, Coastal Plain and Piedmont.  

The CDM was fitted to remotely sensed datasets, automated field measurements, 

and geospatial data.  Climate data were obtained from ground stations and summarized 

as mean annual temperature (MATp,y) and daily anomalies from MATp,y, or aTempp,y,d,  
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for location p in year y on day d.  Phenology status comes from daily satellite-based 

vegetation indices.  MODIS Enhanced Vegetation Index (EVI) has been used to study 

seasonality in forest dynamics (Hess et al. 2009, Xiao et al. 2006).  Here, EVI data were 

used as a proxy for forest greenness.  

 

Figure 2.2: Historical variations of (a) air temperature and (b) greenness (as 

EVI) by region. (c) Study sites and ecoregions. Deciduous forests are open circles. 

Evergreen and mixed forests are filled triangles. (d) Length of the growing season by 

region. (e) Variations in green-up onset and maximum greenness. The onset and 

maturity (maximum greenness) dates are extracted from MODIS product MCD12Q2 
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for years 2001 to 2012. Whiskers in (d) and (e) are 95 percentiles. Boxes show 50 

percentiles. 

Study sites were located to coincide with the Remote Automated Weather 

Stations (RAWS) dataset (http://www.raws.dri.edu/).  Figure 2.2-a-c shows the 

distribution of the study sites with mean climate and phenology time series.  Automated 

weather stations are located in forests, savannahs, shrublands, and grasslands.  We only 

analyzed sites with forest cover that could be classified either as deciduous, evergreen or 

mixed forests.  The International Geosphere–Biosphere Programme (IGBP) global 

vegetation classification scheme was used to select sites with forest cover including 

deciduous, and mixed forests.  No sites were classified as fully evergreen forest.  Sites 

with other land classifications were not used in this study.  Sites at which land cover 

types has changed during the study period were excluded from the model.  

2.2.1 Field data and regional boundaries 

Climate data were obtained from the RAWS dataset (available at 

http://www.raws.dri.edu/), including air temperature, relative humidity, radiation, 

precipitation and potential evapotranspiration (estimated based on the Penman-

Monteith method).  Climate anomalies were taken as the difference between daily 

values and the mean values for the same date and location, the aTempp,y,d. Physiographic 

boundaries were obtained from the physiographic divisions of the conterminous us 

(available at http://water.usgs.gov/).   

 

http://www.raws.dri.edu/)
http://www.raws.dri.edu/)
http://water.usgs.gov/)
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2.2.2 Remotely sensed data 

Vegetation indices, canopy surface temperature, and land cover type data were 

obtained from the NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS).  

MODIS vegetation indices provide valuable insights on land surface processes (Ran et 

al. 2016) and phenology (e.g. Huemmrich et al. (1999)). The best available MODIS 

products from NASA’s Aqua and Terra satellites (i.e. MOD13A1, MOD13A2, MYD13A1, 

MYD13A2) offer vegetation indices only every 16 days.  This time interval is too wide to 

capture rapid changes in leaf unfolding during the green-up season.  For this analysis, 

we extracted daily EVI values for each site from the daily surface reflectance data of 

individual thermal and visual bands. 

The EVI index is obtained as  

𝐸𝑉𝐼𝑝,𝑦,𝑑 =
2.5(𝑁𝐼𝑅𝑝,𝑦,𝑑 − 𝑅𝑝,𝑦,𝑑)

𝑁𝐼𝑅𝑝,𝑦,𝑑 + 6𝑅𝑝,𝑦,𝑑 − 7.5𝐵𝑝,𝑦,𝑑 + 1
 

where NIR, R and B are the near infra-red, red and blue bands, respectively.  

Again, subscript p, y and d indicate location, year and day.  Red and near infrared bands 

are obtained from MODIS band 1 (620–670 nm) and band 2 (841–876 nm) at 250 m 

resolution. The blue band is obtained from MODIS band 3 (459–479 nm) at 500 m 

resolution.  MODIS bands data are available from MODIS surface reflectance data 

(MOD09GQ for bands 1 and 2 and MOD09GA for band 3).  The daily MODIS reflectance 

data from year 2000 (when MODIS was launched) to 2014 were downloaded in the 

original Sinusoidal projection.  The grid data were re-projected to the Equirectangular 
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system.  The time-series of reflectance bands and EVI were extracted for each site.  Land 

cover data for each site was obtained from the yearly MODIS land cover type 

(MCD12Q1 v5.1, yearly, 500m resolution).  The MODIS classification was verified by 

comparison with the National Land Cover Dataset (NLCD2011) to exclude inconsistent 

data.   

Pre-seasonal drought status was obtained from the MODIS Global Terrestrial 

Drought Severity Index (DSI) (Mu, Zhao, and Running 2011, Mu et al. 2013), for 

December, January and February (DJF) before the green-up season.  The data are 

available from http://www.ntsg.umt.edu/project/dsi.  DSI values are negative during 

droughts, and positive in wet years.  The preseasonal drought variable is defined as  

𝑑𝑟𝑜𝑢𝑔ℎ𝑡 =  −𝐷𝑆𝐼̅̅ ̅̅ ̅̅ ̅
𝐷𝐽𝐹.   

where the bar indicates the seasonal average. To estimate canopy hydrological 

balance, we used the canopy-air temperature differential,  

𝛥𝑇𝑝,𝑦,𝑑  =  𝐶𝑝,𝑦,𝑑 − 𝐴𝑝,𝑦,𝑑, 

for canopy temperature Cp,y,d and air temperature Ap,y,d, hereafter termed as “thermal 

stress” (Seyednasrollah, Clark, and Domec in prep).  High T (canopy warmer than air) 

is expected at unmet transpiration demand and low water availability (Mcnaughton and 

Black 1973) that results in stomatal closure and canopy heating (Seyednasrollah, Clark, 

and Domec in prep).  Daily canopy temperature data were extracted from the MODIS 

land surface temperature product (MOD11A1 v5) at 1 km resolution.  Only daytime 

http://www.ntsg.umt.edu/project/dsi
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temperature data were used in the model, when T is expected to be most dominated by 

stomatal closure.  Data with average emissivity error > 0.01 were excluded from the 

analysis.  Only remotely sensed data with the highest quality, minimum average error, 

and clear sky conditions were used.  Data during the green-up period spanned from the 

onset of green-up until 21 days after maturity.  This range (onset and end of the green-

up season) varies for each site and year, extracted using the MODIS Land Cover 

Dynamics product (MCD12Q2).  The layers “Onset_Greenness_Increase” and 

“Onset_Greenness_Maximum” were used for the timing of green-up and maturity, 

summarized by region in Figure 2.2-d and e.   

Table 2.1: List of predictors in the model 

Predictor Notation 

Intercept intercept 

Additional Intercept for sites in Blue Ridge  blueridge 

Additional Intercept for sites in Piedmont  piedmont 

Additional Intercept for sites in Coastal Plain  coast 

Additional Intercept for Deciduous sites deciduous 

Mean annual temperature MAT 

temp anomaly (inter-annual variation of daily temperature) temp 

Preseasonal hydrological deficit (P-PET for December to February) drought 

Thermal stress,  ∆T 

Squared temperature anomaly temp^2 

temp interactions with Blue Ridge blueridge:temp 

temp interactions with Deciduous deciduous:temp 

∆T interactions with drought ∆T:drought 

drought interactions with coast drought:coast 

drought interactions with coast drought:coast 

drought interactions with piedmont drought:piedmont 
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drought interactions with deciduous drought:deciduous 

 

2.2.3 Validation 

The community response (Gressler et al. 2015, Keenan, Darby, et al. 2014, Fisher, 

Mustard, and Vadeboncoeur 2006) is an aggregate of individuals (Penuelas, Rutishauser, 

and Filella 2009), and a reliable source of studying phenology at coarse spatial scales 

(Klosterman et al. 2014, Keenan, Darby, et al. 2014).  Ground truth data (MacBean et al. 

2015) is particularly important in regions with significant climate gradients (Fisher, 

Mustard, and Vadeboncoeur 2006, Steltzer and Post 2009).  We tested the space-borne 

observations of EVI against the ground-truth leaf area index (LAI) at four sites in North 

Carolina, USA (Table 2.2).  Test field data were collected in spring 2008 using a LICOR 

LAI-2000 Plant Canopy Analyzer.  The comparison of LAI and EVI show close 

agreement (Figure 2.3). 

Table 2.2: Geographical coordinates of the validation sites and the 

measurement frequency. 

Site Longitude Latitude Measurements time frequency 

Duke FACE -79.098 35.97 3-16-2008 to 6-31-2008 ~ 5 days 

Eno River East -78.87 36.08 3-23-2008 to 8-6-2008 ~6 days 

Eno River West -79.01 36.07 3-22-2008 to 8-17-2008 ~ 6-7 days 

Mason Farm -79.01 35.88 4-6-2008 to 8-7-2008 ~ 7 days 
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Figure 2.3: Validation of remotely sensed data (EVI) against field data (LAI): 

Locations of validation sites and inter-comparison of the remotely sensed enhanced 

vegetation index (EVI) against field collected leaf area index (LAI) at four sites in 

North Carolina for spring 2008 (inset). Although EVI and LAI are different metrics of 

phenology status, data show agreement. 

2.2.4 Method 

A hierarchical Bayesian state-space model for continuous development was used 

to infer the main effects and interactions that control spring green-up. The hierarchical 

structure consists of data, process, and parameters (Berliner 1996).  Data include 

predictors and the response, greenness (𝐸𝑉𝐼).  The process stage describes phenological 
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development.  Consider phenological development state yp,y,d per site p, year y, and day 

d.  Phenology can advance, or not, in the interval (d, d+1), initially at expected rate 

𝐱𝑝,𝑦,𝑑𝛃, but declining as development approaches full green-up.  This is not to say that 

the environment no longer affects greenness following spring green-up.  Rather, the 

variation, after which spring green-up is completed, is not part of the green-up process.  

The sub-models for each stage are organized by the graph in Figure 2.4.  Mathematical 

description of the model is presented in the supplementary document.  Diagnostics are 

provided in Appendix G: Diagnostics for the state-space model. 

 

Figure 2.4: Model graph: the data model consists of observations of greenness 

EVIp,y,d and predictors Xp,y,d for site p, year y, and day d. The process model is the time 

series of true greenness (latent states, yp,y,d

variance 𝝈𝟐, and observation error 𝝉𝟐.  Latent phenology states are yp,y,d. 
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In order to test the model against realistic green-up data, we predicted the time-

series of greenness for all study sites.  We used climate and site data as inputs along 

with the posterior distributions of parameters from the fitted model to predict the entire 

time-series for all site-seasons.  For each site-season, we predicted greenness from the 

initial value through 21 days after full green-up.  We drew 500 samples for each time-

step, leading to 500 predicted time-series for each site-season. The model predictions for 

a representative site (Duke Forest) are shown in Figure 2.5-a for three seasons with 

contrasting moisture regimes (2002, 2009 and 2011).  The accumulated error from 

previous time-steps increases the uncertainty later in the season.  Observation error from 

the satellite data contributes additional uncertainty.  Despite multiple sources of 

uncertainty, the model reliably predicts observations at all sites (in-sample data  

Figure 2.5-b) and an out-of-sample season (Duke Forest, 2012, Figure 2.5-c).  

We predicted the overall sensitivity to warming by considering three scenarios 

for temperature anomaly: cold (i.e. Temperature smaller than mean temperature by one 

standard deviation), normal and hot (i.e. Temperature larger than mean temperature by 

one standard deviation).  To demonstrate the interaction of drought with thermal stress, 

we estimated thermal stress sensitivity at three drought regimes based on the Drought 

Severity Indices (DSI): +1 (wet), 0 (normal) and -1 (drought). 
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Figure 2.5: Predicted greenness over the spring season. (a) The model 

perdictions are generated from climate data of the entire season. Orange stars indicate 

observed EVI at the spring onset.  Gray lines show predictions of the complete time 

series. (b) Comparison of the observed vs in-sample prediction. (c) Out-of-sample 

prediction for Duke Forest in 2012.  
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2.3 Results 

Inter-annual temperature anomaly (aTemp), followed by mean annual 

temperature (MAT), preseasonal deficit (drought), and thermal stress (∆T) have the 

largest effects on spring green-up (Figure 2.6).  Positive linear and negative quadratic 

terms indicate a non-linear effect of aTemp (Figure 2.7), the daily temperature anomaly 

for a given year.  MAT and drought showed negative controls on rate of phenology 

(Figure 2.6-a).  Although our result does not agree with delayed green-up due to 

increasing ∆T in all sites and ecoregions, the effect is amplified with increasing moisture 

deficit (negative ∆T:Drought interaction).  The interactions of drought with ecoregions 

suggest an amplified effect in Blue Ridge (Figure 2.6-b), as compared to Coastal Plain 

and the Piedmont.  Temperature anomaly also interacts with ecoregions and 

deciduousness.  Our results show the temperature anomaly effect may be weaker in 

Blue Ridge and for deciduous trees.   



 

51 

 (a)

 (b) 

Figure 2.6: Posterior distributions of model predictors. Positive values 

accelerate development, and vice-versa. 
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Figure 2.7: Hump shaped relationship of temperature anomaly with change in 

EVI for forests in Coastal Plain and Blue Ridge.  

Sensitivity to temperature anomaly interacts with ecoregions and evergreenness.  

We quantified the sensitivity of green-up to temperature anomaly for deciduous and 

evergreen sites in blue ridge, piedmont and coastal plain at three different temperature 

anomalies (Figure 2.8-a).  The sensitivity decreases with increasing temperature anomaly 

(cold to hot years).  Sites located near the coast and in the Piedmont are more sensitive to 

increasing temperature anomaly than Blue Ridge forests.  Deciduous sites show lower 

sensitivity to temperature anomaly than evergreens in all ecoregions.  Figure 2.8-b 

shows how the temperature effect on leaf unfolding varies with 𝐸𝑉𝐼 during the green-up 

season for three main ecoregions: Blue Ridge, Piedmont and Coastal Plain.  Green-up is 
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most sensitive to temperature anomalies early in the growing season, especially so in the 

mountains.  

Table 2.3: The statistical summary of the fitted parameters. Table below shows mean, 
median, 2.5 and 97.5 percentiles and standard deviation for each parameter. Letter “E” 

denotes decimal power. 

Predictor Mean Median 2.5% 97.5% Std. 

intercept 0.074 0.075 0.071 0.078 0.0021 

blueridge 0.052 0.052 0.047 0.057 0.0023 

piedmont 0.025 0.025 0.021 0.031 0.0025 

coast 0.055 0.056 0.05 0.06 0.0025 

deciduous 0.034 0.034 0.03 0.04 0.0028 

MAT 0.0034 0.0034 0.0023 0.0046 0.00059 

temp 0.075 0.076 0.067 0.08 0.0039 

drought -0.0031 -0.0032 -0.005 -0.00046 0.0012 

∆T 0.00026 0.00028 -0.001 0.0016 0.00068 

temp^2 -0.029 -0.03 -0.034 -0.021 0.004 

blueridge:temp -0.022 -0.022 -0.025 -0.017 0.0019 

deciduous:temp -0.027 -0.027 -0.031 -0.023 0.0022 

∆T:drought -0.00075 -0.00075 -0.002 -0.000082 0.00074 

drought:coast 0.00068 7.00E-04 -0.00072 0.0021 0.00071 

drought:bluerdige -0.0021 -0.002 -0.0034 -0.00084 0.00066 

drought:piedmont 2.00E-04 0.00023 -0.00086 0.0011 0.00052 

drought:deciduous -0.00055 -0.00047 -0.0024 0.00092 0.00088 
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Figure 2.8: Sensitivity of the rate of change in greenness to temperature 

anomaly for different regions Blue Ridge, Piedmont and Coastal Plain. (a) The 

seasonal average sensitivity of deciduous and mixed forests to temperature anomaly 

in Coastal Plain and Blue Ridge mountains in cold (i.e. temp is colder than the 

historical mean by one standard deviation), normal and hot (i.e. temp is warmer than 

the historical mean by one standard deviation) years. (b) Declines in temperature 

sensitivity with relative leaf development (EVI*).  EVI* is defined as EVI* = (EVI-

EVImin)/(EVImax-EVImin). 

Phenology response to drought varies across ecoregions and with leaf habit 

(Figure 2.9-a).  Drought sensitivity is low near the coast.  Green-up in the Blue Ridge is 

delayed most by drought, followed by the Piedmont.  Evergreen sites are less sensitive 



 

55 

to drought than deciduous sites, but with larger uncertainty.  Green-up is insensitive to 

thermal stress in years with average moisture balance, it delays green-up following dry 

years and accelerates it following wet years (Figure 2.9-b).   

 

Figure 2.9: Sensitivity of the speed of green-up to (a) pre-seasonal drought and 

(b) thermal stress. In (a) droughts slow green-up most at deciduous sites. In (b) the 

thermal stress variable shifts from acceleration from in wet (DSI>+1) to delay in dry 

(DSI<1) years. 
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Mapped results highlight how sensitivity of leaf development to changing 

climate varies across the southeastern Unites States (Figure 2.10-a and b).  To highlight 

regions of strong effects, only sites for which 95% of posterior distributions exclude zero 

are shown in the maps.  Green-up accelerates with increasing temperature anomaly 

(aTemp) in all sites.  Southern sites in the Piedmont and Coastal Plain are most sensitive 

to warming.  Deciduous sites of the Blue Ridge are least affected by increasing aTemp 

(Figure 2.10-a).  Sites in the Valley and Ridge and the Appalachian Plateaus range from 

low to moderately temperature sensitivity.  Following dry years, spring drought delays 

green-up everywhere in the southeast, with the greatest impacts in the Blue Ridge 

(Figure 2.10-b). 

 

Figure 2.10: Geographic sensitivity to temperature and pre-seasonal drought 

across the southeast. Circles and triangles indicate deciduous and mixed forests. Large 

symbols indicate small variance and high confidence.  Near the coast, temperature has 

the greatest and most confident acceleration effect on phenology.  In the mountains, 

drought has the strongest and most confident negative effect on phenology. 

 



 

57 

2.4 Discussion 

We found that ecosystem properties such as evergreenness interact with 

temperature and drought to control green-up phenology.  Increasing temperature 

anomalies (aTemp) have greatest impact on coastal forests and least effect in the 

mountains.  Conversely, forests in the mountains are more affected by drought.  All are 

mediated by ecosystem interactions.   

2.4.1 Climate impacts on phenology 

Temperature effects enter through two variables: mean annual temperature 

(MAT) and inter-annual temperature anomaly (aTemp).  Our results are consistent with 

previous studies (e.g. Clark, Melillo, et al. (2014) and Yue et al. (2015)) indicating that 

warm regions are most sensitive to increasing temperature anomalies.  Warm daily 

anomalies accelerate green-up, but phenology is slower in warm regions.  Changing 

temperature continues to influence leaf development throughout the green-up season, 

but the effect is non-linear, decreasing in effect as anomalies become large (Figure 2.7).  

Preseasonal drought can slow leaf development and growth, depending on interactions 

discussed in the next section. 

2.4.2 Ecosystem interaction with warming 

Evergreen forests are disproportionately sensitive to increasing temperature 

anomalies (aTemp) (Figure 2.8-a).  Presence of leaves year-round can allow them to 

respond to conditions rapidly.  A number of studies document photosynthesis in 
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conifers during warm days in late winter and spring (Tanja et al. 2003, Yin, Liu, and Lai 

2008).  Root development could be another important factor causing the distinct trends 

(Collet, Frochot, and Guehl 1996).   

Regardless of leaf habit (deciduous or evergreen), forests in the Coastal Plain and 

in the Piedmont are more sensitive to temperature anomalies than sites in the 

mountains.  This is true for all temperature regimes: cold (negative temperature 

anomalies), normal and warm (positive temperature anomalies) (Figure 2.8-a).  Low 

temperature sensitivity could be explained by the compressed season and rapid rate of 

change in mountainous regions, where leaves quickly green-up (Wang et al. 2015).  For 

instance, EVI at a typical coastal site increases from 0.25 to 0.6 in 150 days, while at a 

typical site in the mountains, EVI ranges from 0.1 to 0.9 in only 60 days.  When 

development is already fast, it may have limited capacity to respond.  Moreover, the 

adaptive value of accelerating development where it is already fast could likewise be 

limited.  With varying temperature anomalies, the sensitivity of the rate of leaf 

development to aTemp changes.  In colder (negative temperature anomalies) seasons, 

forests respond quickly (fast development) to increasing aTemp than in normal seasons.  

However, leaf development is relatively insensitive to aTemp in years when 

temperature is already high.  Despite the strong variability of climate and moisture 

across ecoregions, we found a monotonic response to aTemp during green-up at all sites 

(Figure 2.8-b).  Green-up is most sensitive to increasing aTemp at the beginning of the 
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season in all ecoregions.  The sensitivity to warming decreases with increasing EVI, as 

leaves reach full development.  The Coastal Plain and Piedmont respond similarly to 

raising temperature and to a greater degree than the Blue Ridge mountains. 

The overall effect of temperature anomalies suggests strong geographical 

patterns across the Southeast.  Due to a warm climates and evergreenness, forests 

located in the Coastal Plain and the Piedmont are more sensitive to temperature 

anomalies than sites in the mountains (Figure 2.10-a).  In the mountains and northern 

plateaus sensitivity is most variable.  Sites in the southern Blue Ridge show higher 

sensitivity than the northern Blue Ridge.   

2.4.3 Ecosystem interaction with drought 

The impact of pre-seasonal drought depends on climate and evergreenness 

(Figure 2.9-a).  Deciduous forests respond more largely to increasing hydrological stress 

- carried from previous season- than evergreen or mixed forests.  However, the response 

may vary across regions.  The Coastal Plain is relatively insensitive to drought.  The Blue 

Ridge shows highest sensitivity, followed by the Piedmont.  Differences might be partly 

explained by regional hydrology (Sayer and Newbery 2003, Elliott, Baker, and Borchert 

2006).  The water table is commonly inaccessible in the mountains (Hwang et al. 2014), 

but within reach on the coastal plain.  The large uncertainty of the results for deciduous 

forests in the coastal areas is due to lack of data from deciduous sites in those regions.  

Similarly, the results show larger credible intervals of sensitivity to temperature 
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anomalies for evergreen sites in the Piedmont and the mountains, where deciduous trees 

are more common.   

The impact of thermal stress reverses following wet versus dry years.  Following 

droughts, thermal stress may cause stomatal closure and thus slow green-up.  

Conversely, following a wet year, increasing thermal stress is correlated with accelerated 

leaf development.  When soil moisture is high, additional energy received may promote 

photosynthesis and growth (Figure 2.9-b). While increasing drought slows green-up 

across the Southeast, mountainous areas are most susceptible to water shortage.  The 

Piedmont and coast are least impacted by drought (Figure 2.10-b).  

2.5 Conclusion 

A long term remotely sensed dataset of spring green-up was analyzed using a 

continuous development model (CDM) to quantify ecosystem interactions with climate.  

Results showed important interactions involving ecosystem and leaf habit.  Coastal 

forests respond differently to temperature anomalies and drought than mountainous 

regions, during the spring green-up.  Coastal zones have a greater response to 

temperature anomalies than mountainous regions.  In addition to interruptions of the 

terrestrial carbon cycle due to higher sensitivity, higher response to temperature may 

also lead to potential damages to foliar tissues (Hufkens et al. 2012), in coastal areas.  

The finding is consistent with studies that used multi-dimensional metrics to compare 

phenological trends across ecoregions (Buitenwerf, Rose, and Higgins 2015).  Green-up 
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in mountainous sites and for deciduous trees is disproportionately slowed by drought 

relative to coastal forests where water table is higher and evergreens are common.  This 

is due to the fact that, small leaves in evergreen species could maintain an efficient 

hydrologic balance during dry seasons.  The finding is consistent with the high 

sensitivity to soil moisture deficiency in mountain sites observed by Beedlow et al. 

(2013).  
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3. Remotely sensed canopy thermal stress: a key parameter to 

monitor droughts in near real-time 

 

3.1 Introduction 

Increasing frequency, magnitude, and duration of droughts highlight the need 

for rapid assessment and monitoring (Vose, Clark, and Luce 2016, Clark, Vose, and Luce 

2016, Tang et al. 2014).  Changes in species composition (Klos et al. 2009), declines in 

forest health (Guarín and Taylor 2005) and increases in tree mortality (Allen et al. 2010) 

are expected with increasing droughts (Novick et al. 2015). Simple, yet reliable 

techniques to quantify water-stress in regional scales are still lacking (Yang, Long, and 

Shang 2013). Using a physically based model to combine remotely sensed surface-air 

temperature difference we develop a near real-time index of drought induced stress, 

with both spatial detail and continental coverage.   

Challenges associated with direct measurement of evapotranspiration (ET) have 

motivated parametrization techniques to simplify calculations and/or minimize the 

number of measurements needed to evaluate ET.  Parametrization methods can be 

categorized into three approaches: climate-based, vegetation-based, and energy-based.  

Climate-based methods rely on the atmospheric demand (e.g. vapor pressure deficit) 

and do not consider the cumulative withdrawal of soil moisture by plants (Saha et al. 

1986). Vegetation-based methods estimate surface water use from canopy health status 
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and vegetation indices such as the normalized difference vegetation index (NDVI) 

(Nagler, Glenn, and Thompson 2003).  These methods suffer from errors that result from 

disturbance (Wardlow et al. 2016), such as forest harvest, insect attack, or damage due to 

extreme climate events that are not associated with drought.  Vegetation-based methods 

do not detect rapid changes in water use, due to the delay between the onset of drought 

and plant response (Chiesi et al. 2013).  Energy-based techniques conserve energy flux 

to- and from- the earth surface (Yang, Long, and Shang 2013).  Although, energy based 

methods are widely used in croplands, (Shuttleworth and Wallace 1985) and grasslands 

(Campbell 1989), most methods require extensive calibration for each soil and land cover 

condition (Flint and Childs 1991).  Furthermore, they only estimate average ET over a 

period of time (Ding et al. 2013).  Reliable, physically consistent methods for estimating 

canopy water use that do not require extensive calibration data are currently 

unavailable. 

Surface energy balance can be explained by the equality 

𝜆 𝐸𝑇 = 𝑅𝑠 + 𝑅𝐿 − 𝐺 − 𝐻 

where 𝑅𝑠 and 𝑅𝐿 are net solar (shortwave) and thermal (longwave) radiation, 

respectively.  𝐺 is the ground heat flux.  𝐻 is the sensible heat flux.  𝜆 is the specific latent 

heat of vaporization, and ET is the rate of evapotranspiration.  

ET can be obtained analytically from this expression when all other energy 

components are known, but this is generally not the case (Price 1980).  𝑅𝑠 is taken to be 
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proportional to the surface albedo and atmospheric transmissivity.  𝑅𝐿 is related to 

surface and environment emissivity coefficients and surface (𝑇𝑠) and air (𝑇𝑎) 

temperatures by the Stephan-Boltzmann law.  𝐺 depends on thermal conductivity 

between the surface and the ground, often assumed to be a fraction of 𝑅𝑠 (Choudhury, 

Idso, and Reginato 1987).  𝐻 is related to the air convective coefficient and surface-air 

temperature difference, 𝛥𝑇 = 𝑇𝑠 − 𝑇𝑎 (i.e. 𝐻 ∝ 𝛥𝑇).  𝑅𝑠 can be directly measured, but 𝐻 

and 𝑅𝐿 are more difficult to obtain and are often underestimated (Leuning and Foster 

1990, Nagler, Glenn, and Thompson 2003).  In most studies, 𝐻 is estimated using the 

Bowen ratio (Bowen 1926) (e.g. Kalthoff et al. (2006)) or empirical canopy resistance 

(Lagos et al. 2013).  𝑅𝐿 is often approximated solely based on air temperature, resulting 

in significant errors (Leuning and Foster 1990, Nagler, Glenn, and Thompson 2003).  

Penman (1948) and Monteith (1964) were the first to use energy balance to fully 

parametrize ET from a vegetated surface.  However, their model requires extensive 

metrological data collection and calibration.  The model was later simplified by Priestley 

and Taylor (1972) and Stone and Horton (1974), neglecting either H or 𝑅𝑠.  The 

simplification decreases model accuracy when H or 𝑅𝑠 are of the same order of 

magnitude (Ham, Heilman, and Lascano 1990), demanding for methodologies that 

considers 𝑅𝐿, 𝑅𝑠 and H (Lagos et al. 2013).   

Accounting for the “cooling effect” of evapotranspiration can improve estimates 

of H and hence canopy water use.  Although the “cooling effect” of evapotranspiration 
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at the leaf scale (Clum 1926a, b) and for farmlands (Sumayao, Kanemasu, and Brakke 

1980) has been reliably estimated in recent years  (Yang, Long, and Shang 2013), to our 

knowledge, the effect has not yet been quantified for forests at regional scales.  Here, we 

show that remotely sensed surface-air temperature difference, 𝛥𝑇, provides a metric of 

sensible heat that improves ET estimates.  For a given net radiation, the heat loss due to 

increasing ET is balanced by decline in 𝐻 and, thus, in thermal stress, 𝛥𝑇.  Figure 3.1 

shows how seasonally averaged 𝛥𝑇 declines with increasing vegetation indices for all 

land cover types.  Spatial variation of July to September mean ∆T across the USA is 

shown in Figure 3.1 -a.  Comparing the ∆T map with the seasonally averaged NDVI 

(Figure 3.1-b) shows how plant distribution affects energy balance at the surface.  High 

vegetation cover and high water use in the eastern USA coincides with the lowest ∆T.  

The ∆T map shows sharp changes in ∆T at the physiological boundaries which are 

related to changes in vegetation cover.  Although, surface albedo and thermal emissivity 

may vary across regions, these strong patterns of ∆T are mainly related to changes in the 

evaporative heat loss.  In deserts, unvegetated lands, and in areas with negligible 

transpiration due to the lack of water, plants, or both, the incoming energy received as 

solar radiation is accumulated at the surface, causing ∆T to increase.  Cooling by 

transpiration may vary from 2 – 5 °C (Clum 1926a, Audus and Cheetham 1940, Pallas 

and Harris 1964).  The magnitude is mainly determined by  a) varying convective heat 

transfer through changes in wind speed (Gates 1966), relative humidity (Gates 1968), 
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stomatal status (Drake, Raschke, and Salisbury 1970), leaf orientation (Clum 1926b) and 

leaf size (Geller and Smith 1982); and b) changes in relative contributions of sensible heat 

with varying insolation (Clum 1926b) and air temperature (Pallas and Harris 1964).  

Quantifying the sensitivity of ET to 𝛥𝑇 under different conditions is important to 

evaluate water-use across climates and regions.  Previous efforts have often used canopy 

temperature, 𝛥𝑇 or cumulative degree days as indirect water-stress indices (Jackson, 

Reginato, and Idso 1977), requiring extensive site-specific (Maeda, Wiberg, and Pellikka 

2011) and climate-specific (Kalma, McVicar, and McCabe 2008) calibration.  Direct use of 

𝛥𝑇 in the surface energy balance (Bausch, Trout, and Buchleiter 2011) may bring more 

insight about soil water status and stomatal conductance (Faver, Otoole, and Krieg 

1989).   
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Figure 3.1: Spatial variation of (a) the normalized difference vegetation index 

(NDVI); and (b) surface-air temperature difference (∆T in C) across the US in summer 

(July to September). Solid black lines indicate the boundaries of physiographic 

provinces. Areas with low vegetation cover have exceptionally high ∆T.  The map is 

generated from the historical average of air and surface temperatures (2000 to 2012).  

The blue lines indicate regression lines for each subset.   

This study presents a simple method based on surface energy balance to predict 

canopy water use from remote sensing over a wide range of atmospheric-demand and 

soil-moisture conditions.  We apply physics based relationships, Bayesian statistics, and 

remotely sensed data to estimate daily transpiration at the scale of a forest stand to the 

subcontinent.  Our approach is unique in accommodating uncertainties and using 

minimal satellite observation data to quantify surface water balance.  Using space-borne 

surface temperature, we demonstrate how forest thermal stress allows us to monitor 

aggregated effects of drought at the continental scale (Norman, Koch, and Hargrove 
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2016), using the example of the contiguous United States over the past 15 years.  The 

study specifically addresses the following questions: First, is the cooling effect of 

evapotranspiration observable from space-borne data? If so, how does this effect 

compare with other energy components? And how does this relationship change across 

regional and climate gradients?  Second, does the surface thermal stress reliably identify 

regions with water shortage and drought at continental scales?  Unlike most remotely 

sensed approaches, that used infra-red bands, vegetation indices or gross primary 

productivity to estimate water use (Yang, Long, and Shang 2013, Hilker et al. 2013, Price 

1982), this method is physically consistent and could be performed in near real-time 

(Wardlow et al. 2016).  We use field data of transpiration from two sites in the 

southeastern United States to validate the model.   We show how the effect varies with 

atmospheric and site conditions including wind, rain, overcast and high insulation.  

3.2 Material and Methods 

The study consists of two parts, a) modeling transpiration from field and satellite 

observations, at the plot scale, and b) predicting transpiration and synthesizing water 

use anomaly based on the fitted model in (a) at the continental scale.  The primary 

analysis is based on in-situ measurements of climate variables, transpiration, and 

remotely sensed surface temperature at two contrasting forest sites in North Carolina, 

USA.  We refer to these as the loblolly pine plantation on the Coastal Plain (CP), 

observed from 2007 to 2009, and the Duke Forest Blackwood site in the Piedmont (PT), 
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observed from 2010 to 2015 (Table 3.1).  CP is a managed loblolly pine plantation.  PT is 

an unmanaged hardwood forest composed of several deciduous species.  Climate data, 

including solar radiation, air temperature, and relative humidity, were obtained from in-

situ measurements and the Remote Automated Weather Station 

(http://www.raws.dri.edu) at PT and the AmeriFlux dataset (https://fluxnet.ornl.gov) at 

CP (Noormets et al. 2015).  The two sites have similar variation in air temperature and 

precipitation.  The annual average solar radiation and vapor pressure deficit is higher in 

the Piedmont, and relative humidity is slightly higher in the Coastal Plain (Figure 3.2).  

 

Table 3.1: Site information data for the Piedmont and Coast sites. 

Site Forest type Latitude Longitude Altitude 

Piedmont, NC, USA Hardwood (mixed) 35.9736° -79.1004° 168 m 

Coastal Plain, NC, USA Evergreen (Loblolly Pine) 35.8031° -76.6679° 12 m 
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Figure 3.2: Comparisons of climate factors between the Piedmont (PT) and the 

Coastal Plain (CP) sites. Two sites have relatively similar climatic conditions. 

Transpiration was measured from sap flow of individual trees, averaged hourly, 

and up-scaled to the stand scale based on sapwood area of each tree and tree census 

data.  Methods are detailed in Domec et al. (2012) and Berdanier and Clark (2016).  

Canopy temperature data were obtained from land surface temperature (MOD11A1, 

daily, 1km resolution) dataset from NASA’s Moderate Resolution Imaging 

Spectroradiometer (MODIS) (DAAC 2015).  Satellite measurements of surface 
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temperature were synchronized with the hourly transpiration data.  For this integration 

with satellite data, mid-day measurements of transpiration were used to summarize 

variation of daily average transpiration (Gupta and Saxena 1976) and to coincide with 

the timing of satellite imagery.  

Data used in the continental synthesization of drought stress were obtained from 

publicly available datasets, with full coverage of the continental USA.  Surface 

temperature data from MODIS MOD11C1 (global, 0.05° resolution) are available since 

the year 2000.  Temporal and normal air temperature data were obtained from PRISM 

Climate Data (PRISM 2004).  Cloud cover data from the Global Cloud Cover dataset 

(http://www.earthenv.org/cloud) incorporate 15 years of twice-daily cloud cover 

observations at 1000 m resolution (Wilson and Jetz 2016).  Land cover data were 

obtained from the National Land Cover Database 2011 (Homer et al. 2015) from Multi-

Resolution Land Characteristics Consortium (MRLC).  Monthly NDVI data were 

acquired from MODIS product MOD13 C3. 

3.2.1 Model 

A process model was developed to infer and predict transpiration data from the 

energy-balance model, applied at the two study sites.  Based on the energy conservation 

law, ET can be explained as a linear combination of solar radiation, thermal radiation 

and sensible heat. The ground heat flux was assumed to be proportional to solar 

http://www.earthenv.org/cloud)
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radiation (Choudhury, Idso, and Reginato 1987).  ET can be described by a Bayesian 

linear regression, censored at zero, and a Gaussian error (𝜎2): 

𝐸𝑇~ 𝑁𝑡(𝑋𝛽, 𝜎2) 

where 𝑋 is the matrix of predictors, and their interactions and 𝛽 is the vector of 

coefficients for predictors and interactions terms.  This is sometimes termed a Tobit 

model (Sahu, Gelfand, and Holland 2010).  Predictors include the energy components, 

variables describing atmospheric conditions, and their interactions.  Additional variables 

treated as factors in the model include site exceeded 2 m s-1), and “cloudy” (total 

radiation < 50% of clear sky radiation).  Model selection was implemented to select the 

combination of interactions that produced the lowest deviance information criterion 

(DIC).  The predictors are listed in Table 3.2.  Posterior distributions were simulated 

(Table 3.3) with Gibbs sampling.  Sensitivity time-series and maps were generated for 

the derivative of the fitted model with respect to 𝛥𝑇.   

For the second part of the study, the fitted model was applied to the remotely 

sensed surface temperature and assimilated air temperature and solar radiation data to 

estimate conditional transpiration across the USA.  An analytical approach was used to 

estimate solar radiation (see Calculation of solar radiation in the Supplementary 

document).  Anomalies in predicted transpiration and observed thermal stress were 

compared with anomalies in soil moisture and evapotranspiration from climate and 
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weather prediction models.  These anomalies values were obtained as the difference 

between temporal data and historical monthly averages. 

Table 3.2: List of predictors in the model 

Predictor Notation Justification and meaning 

Thermal stress ∆T Representing sensible heat 

Solar radiation Solar Representing incoming solar radiation 

Thermal radiation Thermal Representing net longwave radiation 

Interaction of ∆T with air temperature Tair: ∆T Varying sensible heat with temperature 

Interaction of ∆T with solar radiation Solar: ∆T Varying sensible heat with insulation 

Interaction of ∆T with wind  windy: ∆T Varying sensible heat with turbulent 

Interaction of ∆T with rain events rainy: ∆T Varying sensible heat with precipitation 

Interaction of solar radiation with site Solar:PT Varying solar radiation effect with site  

Interaction of thermal energy with site Thermal:PT Varying thermal radiation effect with site 

 

 

Table 3.3: The statistical summary of the fitted parameters. Table below shows mean, 
median, 2.5 and 97.5 percentiles and standard deviation for each parameter. Letter “E” 

denotes decimal power. 

Predictor Mean Median 2.5% 97.5% Std. 

∆T -0.27 -0.27 -0.32 -0.31 0.031 

Solar 0.0064 0.0064 0.006 0.0062 0.00017 

Thermal 1.40E-09 1.40E-09 1.40E-09 1.40E-09 2.50E-11 
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Tair: ∆T -0.0046 -0.0046 -0.0063 -0.0057 0.00088 

Solar: ∆T 0.00023 0.00023 0.00013 0.00016 5.10E-05 

windy: ∆T -0.079 -0.078 -0.11 -0.096 0.014 

rainy: ∆T -0.1 -0.1 -0.41 -0.31 0.16 

PT -2.7 -2.8 -3.2 -3.1 0.28 

Solar:PT -0.0013 -0.0013 -0.0018 -0.0017 3.00E-04 

Thermal:PT 5.20E-10 5.20E-10 4.10E-10 4.50E-10 5.20E-11 

 

3.3 Results 

Predicted transpiration for in-sample and out-of-sample data (Figure 3.3-a) and 

also over time (Figure 3.3-b) demonstrate reliable accuracy across a broad range of soil 

and climate conditions.  Estimates of coefficients for the main energy components 

(thermal and solar radiations and surface-air temperature difference) are shown in 

Figure 3.4.  All three energy components contribute to variation in transpiration.  

Transpiration increases with increasing solar radiation and thermal energy, and with 

decreasing thermal stress (Table 3.3).  Thermal stress shows a wider posterior 

distribution than solar and thermal components.   
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Figure 3.3: Comparison of predicted vs. observed transpiration flux. (a) 1:1 

comparison of the data and measurement for both sites. Top panel shows all in-

sample predictions. Bottom panel shows out-of-sample predictions. (b) Predictions 

and observed fluxes over time with predictive interval. The red solid line shows 

predicted mid-day transpiration. The black dashed line shows field measurements of 

transpiration. The gray areas indicate 95% of the predictive interval. 
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Figure 3.4: Posterior distributions of coefficients for main energy components. 

The parameters are standardized, i.e. corresponded to the standard deviation of the 

predictors and the response (see text). The magnitudes of all main effects are 

comparable to each other. Thermal and solar components contribute equally to the 

transpiration rate. Thermal stress (∆T= surface-air temperature difference) is negative 

(transpiration declines with ∆T) and has a wider range of variation. 

The two study sites (Piedmont and Coast) show slightly different sensitivities to 

solar and thermal radiation.  Solar radiation is slightly more important factor in the 

Piedmont than in the coastal site (Figure 3.5-a).  However, sensitivity to thermal 

radiation was larger at the Coast than in the Piedmont (Figure 3.5-b).  Sensitivity of ET to 

∆T in different atmospheric conditions was evaluated using the main effect of ∆T and its 

interactions with climate.  Increasing wind speed may increase the effect of sensible heat 

on canopy energy balance, resulting in an amplifying effect (more negative, Figure 3.5-

c).  Sensitivity decreased slightly on rainy days at both sites, but not significantly so, due 

to the lack of satellite observations in rainy days (Figure 3.5-d).  Results suggest that ∆T 
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control increases with air temperature and may be weakened in high insolation 

(Table 3.3).   

 

Figure 3.5: Sensitivity of canopy transpiration to (a) solar radiation, (b) thermal 

radiation at Piedmont and Coastal Plain sites, and (c) thermal stress ∆T under 

different atmospheric conditions (wind and rain).  

Because ∆T interacts with solar radiation and air temperature, the total effect of 

∆T varies seasonally.  A sensitivity analysis of ∆T effects over a typical year (Figure 3.6-a, 

b and c) shows that ∆T decreases (becomes less negative) throughout the cold season to 
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near-zero values in early spring (day ~ 70).  Despite the opposing effect of solar radiation 

(Figure 3.6-b), the ∆T control increases with increasing temperature in spring.  During 

summer (from day ~ 110), the ∆T control continues to increase, as solar radiation 

decreases, but temperature continues to rise (Figure 3.6-c).  This trend persists until the 

onset of cold temperatures in autumn (day ~ 210).   

 

Figure 3.6: Seasonal variation of sensitivity of water-use to ∆T (a), as it caused 

by solar radiation effect (b) and air temperature (c). Shaded areas are 95% predicative 

interval. Left and right panels show variation at Piedmont and Coastal Plain sites, 

respectively. The ∆T effect remains strong throughout summer when monitoring 

drought is most important.  
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Sensitivity to thermal stress varies with climate and between ecoregions.  Based 

on the historical average air temperature and solar radiation, we quantified sensitivity of 

summer (July, August and September) transpiration to ∆T across the southeastern USA 

conditional on a uniform forest cover.  Spatio-temporal variation in sensitivity is driven 

by interactions with air temperature and solar radiation (Figure 3.7).  Sensitivity is 

higher (more negative) in northern plateaus and northern Coastal Plain and lower in 

southern Appalachians and southern Florida than in rest of the Southeast.  Thermal 

stress can be directly used to estimate the transpiration anomaly at the continental scale.   

 

Figure 3.7: Geographic sensitivity of transpiration to ∆T in the southeastern 

United States. The ∆T effect is highest in coastal areas, mid-latitude plateaus and 
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warm, cloudy regions. Solid black lines indicate the boundaries of physiographic 

provinces.  

To identify regions with severe drought, satellite observation of surface 

temperature and cloud cover were used with the fitted model to predict transpiration 

anomalies over the last 15 years (Figure 3.8).  For example, the results for 2015 show that 

areas in the western US, across the Pacific Border, and the Cascade-Sierra Mountains, 

have experienced considerable thermal stress in that period. Similarly, northern New 

England and part of the Coastal Plain have experienced a high ∆T anomaly.  We 

compared our results with conventional drought indices.  Predicted anomalies in 

transpiration conditional on uniform forest cover (CondT) were compared with 

anomalies in the terrestrial evapotranspiration (ET) index from the MODIS Global 

Evapotranspiration Project (Mu, Zhao, and Running 2011), soil moisture (SM) data from 

Climate Prediction Center of NOAA (van den Dool, Huang, and Fan 2003), the Global 

Terrestrial Drought Severity Index (DSI) from Mu et al. (2013), the Standardized 

Precipitation Index (SPI) from the National Center for Atmospheric Research (NCAR) 

(Keyantash and Dracup 2002) and the Palmer Drought Severity Index (PDSI) from the 

University Corporation for Atmospheric Research (UCAR) (Dai, Trenberth, and Qian 

2004).  All results were obtained for the summer season (July to September) across the 

US.  All of these quantities are used for drought monitoring, and they agreed on the 

general patterns of severe water shortage across the regions.  Correlations (Table 3.4) 

show strong agreement between our results and the state-of-the-art estimates of drought 
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anomaly.  The conditional transpiration (CondT) shows the strongest correlation with 

the evapotranspiration from MODIS (ET) and soil moisture from NOAA (SM).   

Table 3.4: Correlation between our modeled transpiration, thermal stress anomaly 
and conventional drought indices. 

 Cond. 

T 

∆T ET SM DSI SPI PDSI 

Cond. 

T 

1 -0.97 0.66 0.59 0.51 0.54 0.51 

∆T -0.97 1 -0.65 -0.59 -0.5 -0.55 -0.5 

ET 0.66 -0.65 1 0.019 0.058 0.021 0.018 

SM 0.59 -0.59 0.019 1 0.28 0.34 0.37 

DSI 0.51 -0.5 0.058 0.28 1 0.28 0.35 

SPI 0.54 -0.55 0.021 0.34 0.28 1 0.47 

PDSI 0.51 -0.5 0.018 0.37 0.35 0.47 1 
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Figure 3.8: The anomaly in predicted transpiration and ∆T with conventional 

drought indices and state-of-the-art model outputs. ∆T identifies regions with high 

drought stress.  Acronyms are Cond. T = conditional transpiration, ET= 

evapotranspiration anomaly from MODIS, SM=soil moisture anomaly from NOAA, 

DSI= Drought Severity Index, SPI= Standardized Precipitation Index from NCAR, 

and PDSI= The Palmer Drought Severity Index (PDSI) from UCAR. 
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3.4 Discussion 

Our analysis demonstrates that remotely sensed surface-air temperature 

difference (∆T) allows us to estimate surface water-use from energy balance 

relationships.  ∆T anomaly is a strong indicator of drought, particularly in warm and 

dry seasons when it is needed most.  The ∆T control increases with increasing 

temperature and wind speed.   

The energy balance model integrates ∆T with other measurements to allow for 

extensive sensitivity analysis.  As expected, net solar and thermal energy increase with 

transpiration (Figure 3.4).  Based on our results, the effects of 𝑅𝑠 and 𝑅𝐿 are roughly 

equivalent in magnitude, thus demonstrating the importance of thermal energy for 

estimating water-use.  The effects of both 𝑅𝑠 and 𝑅𝐿 vary across regional climate 

gradients and site physical properties.  Our results showed a slightly stronger 𝑅𝑠 effect 

in the coastal pine plantation than in the mixed deciduous Piedmont (Figure 3.5-a). The 

lower albedo of pines (0.08 to 0.11) relative to deciduous species (0.12 to 0.17) (Hollinger 

et al. 2010, Chapin III, Matson, and Vitousek 2011) may explain high absorption of 

incoming solar radiation by leaves, leading to a stronger effect of 𝑅𝑠 in the Piedmont site.   

The effects of longwave radiation on transpiration may depend on several 

factors.  𝑅𝐿 consists of two main components, incoming thermal energy from the 

surrounding atmosphere (𝑅𝐿,𝑎) and thermal energy from canopy surface (𝑅𝐿,𝑠).  

Incoming thermal energy is proportional to 𝑇𝑎
4 and surrounding emissivity coefficient 
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(𝜖𝑎): 𝑅𝐿,𝑎 ∝ 𝜖𝑎𝑇𝑎
4.  Radiation from the canopy surface varies with 𝑇𝑠

4 and the surface 

emissivity coefficient (𝜖𝑠), a proportionality 𝑅𝐿,𝑠 ∝ 𝜖𝑠𝑇𝑠
4.  While 𝜖𝑎 may vary with 

atmospheric conditions and cloud cover, 𝜖𝑠 does not.  With decreasing cloud cover, 𝜖𝑎 

declines.  Therefore, regions with few days of clear sky conditions may experience a 

large effect of 𝑅𝐿 on transpiration and surface energy balance.  If so, then the coastal site 

may experience a larger thermal effect on ET than do sites in the Piedmont (Figure 3.5-

b).  Site differences may also be related to the difference in 𝜖𝑠 of evergreen and 

deciduous species.  𝑅𝐿 may play a stronger role in surface energy balance on sites that 

are dominated by species with high thermal emissivity. 

We found that transpiration decreases with thermal stress (Figure 3.4).  By 

quantifying uncertainty in the Bayesian model, we showed that the magnitude of the 

effect of thermal stress, ∆T, is comparable to the effects of 𝑅𝑠 and 𝑅𝐿. The ∆T effect is 

amplified in windy days and reduced on rainy days.  The ∆T effect results as sensible 

heat (H), the convective energy transfer from the leaf surface.  H depends on the surface-

air temperature difference, wind speed, thermal conductivity, and heat capacity of the 

surrounding air.  As wind speed increases, air flow becomes turbulent, increasing 

sensible heat (Maes and Steppe 2012) and, thus, the effect of ∆T effect (more negative, 

Figure 3.5-c) on windy days and in regions where windy weather is common.   

The ∆T effect also depends on rainfall.  After rain events, leaf surface can remain 

wet thus buffering the cooling effect.  Despite expectations, the results do not support a 
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large effect of rainfall on ∆T sensitivity (Figure 3.5-d).  Only slight effects of rainfall on 

sensitivity to ∆T is perhaps partly due to limited satellite observations on rainy days or 

on unknown timing of precipitation events.   

An amplifying effect of ∆T with increasing air temperature and decreasing solar 

radiation (Table 3.3) is understood from the large contribution of sensible heat to surface 

energy balance relative to that of solar radiation.  The ∆T effect varies seasonally, as it 

interacts with changing air temperature and solar radiation (Figure 3.6).  The highest 

sensitivity of surface energy balance to ∆T occurs in late summer, when it is most 

needed to monitor droughts.  

In addition to the temporal variation of ∆T effects on transpiration, sensitivity to 

∆T varies regionally (Figure 3.7).  The variation is mainly caused by differences in 

climate and net solar radiation.  Low temperatures in the north and at high elevation 

results in low ∆T sensitivity.  High cloud cover and northern latitudes receive low net 

solar radiation, thus amplifying the ∆T effect.  Our results indicate that transpiration 

may be affected by thermal stress from 0.25 to 0.30 mm/day/°C.  In other words, 1 

mm/day of transpiration may contribute to the “cooling effect” of 3 to 4 °C.  This is 

consistent with a range of estimates for croplands (Pallas and Harris 1964, Tew 1962) 

and forests (Rahman et al. 2016, Ballinas and Barradas 2016).  The effect is largest near 

coastlines and in the South.   
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Our model predicted transpiration more accurately than previous methods based 

on canopy temperature and/ remotely sensed data, with less than 5% error 

(approximately 0.5 mm/day, Figure 3.3).  Previous evapotranspiration models based on 

canopy temperature (Kjelgaard, Stockle, and Evans 1996) and remote sensing data 

(Kalma, McVicar, and McCabe 2008), predict with 10% to 30% of error.  Predicted ET 

and ∆T anomalies for the last 15 years showed the strongest agreement with 

conventional and state-of-the-art indices (Figure 3.8).  The fact that this model was able 

to identify regions of drought severity across the entire United States demonstrates how 

integrating ∆T anomaly into the energy can improve monitoring.  The high correlation 

of ET and ∆T anomaly shows that ∆T anomaly can be used as a single indicator of 

drought when solar radiation data are lacking.  The technique can be used for 

instantaneous to long-term monitoring of drought in large scales (Inoue et al. 1994).   

The accuracy of the model may increase by using remotely sensed vegetation 

density and surface physical properties, and data with finer spatial resolutions.  Current 

global satellite–based surface temperature data that include up to 1.4°C measurement 

error (Sanchez et al. 2007) can be improved with high resolution surface temperature 

data (Nagler et al. 2005).  Terrestrial energy balance of vegetation cover, albedo, and 

transpiration (Zhu and Zeng 2015) can be improved with DT (Bauerle et al. 2009).    
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Appendix A: Model Selection for Trait Modeling 

Model selection based on the deviance information criterion (DIC) 

Predictors DIC 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:temp + moist:soil + temp:soil + deficit:soil + 

deficit:temp 

0.00E+00 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:temp + moist:soil + temp:soil 

+deficit:soil + deficit:temp 

3.36E+32 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:soil + temp:soil + deficit:soil + 

deficit:temp 

4.49E+32 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:soil + temp:soil + deficit:soil + deficit:temp 
1.07E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:temp + temp:soil + deficit:soil 

+ deficit:temp 

1.43E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:temp + moist:soil + temp:soil + deficit:temp 
1.58E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:soil + temp:soil + deficit:temp 
1.93E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:temp + moist:soil + temp:soil + 

deficit:temp 

1.97E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:temp + temp:soil + 

deficit:temp 

2.23E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:soil + temp:soil + deficit:temp 
2.54E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:soil + deficit:soil + 

deficit:temp 

2.74E+33 

~ temp + moist + deficit + soil +u1 + u2 + u3 + moist:deficit + moist:temp + moist:soil + deficit:soil 

+ deficit:temp 

2.79E+33 
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Appendix B: Mean values for the fitted coefficients to predict 

foliar traits 

Mean values for the fitted coefficients to predict foliar traits. Note the 

coefficients are standardized for variations in predictors and traits. 

 N P SLA 

intercept -42.1996 -29.6783 -26.8173 

temp -1.46076 -1.28928 -0.95262 

moisture 0.095867 0.227055 0.174731 

deficit -0.15786 -0.02147 -0.21617 

soilAlfInc -1.33474 -0.43557 -1.08048 

soilEntVert -3.95337 -2.40817 -3.12113 

soilMol -3.25776 -1.00839 -3.28387 

soilSpodHist -5.41966 -2.92741 -3.53961 

soilUltKan 2.847336 -0.17739 2.03978 

u1 1.473322 0.664085 1.308324 

u2 -0.08367 0.009072 -0.08869 

u3 -0.01997 0.037135 0.057611 

I(moisture^2) -0.82765 -0.67427 -0.57306 

moisture:deficit -0.02652 -0.08137 0.030871 

moisture:soilAlfInc -0.3585 -0.30328 -0.27293 

moisture:soilEntVert -0.05551 -0.0742 -0.01778 

moisture:soilMol -0.18069 -0.15383 -0.12323 

moisture:soilSpodHist -0.64747 -0.5764 -0.45646 

moisture:soilUltKan -0.02858 -0.01474 -0.06952 

temp:soilAlfInc 1.315077 0.746561 0.915925 

temp:soilEntVert 0.312846 0.307477 0.27519 

temp:soilMol 0.087745 0.082899 0.055763 

temp:soilSpodHist 0.298748 0.323462 0.23425 

temp:soilUltKan -0.30822 0.103225 -0.25511 

deficit:soilAlfInc -0.07358 0.002352 -0.22915 

deficit:soilEntVert -0.09482 -0.05528 -0.08767 

deficit:soilMol -0.2743 -0.21199 -0.16333 

deficit:soilSpodHist 0.226997 0.028929 -0.03988 

deficit:soilUltKan 0.121297 0.065794 0.102338 
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Appendix C: Standard errors for the fitted coefficients to 

predict foliar traits 

Standard errors for the fitted coefficients to predict foliar traits. Note the 

coefficients are standardized for variations in predictors and traits. 

 N P SLA 

intercept 0.784008 0.546499 0.505368 

temp 0.201315 0.145459 0.140211 

moisture 0.107368 0.077413 0.07588 

deficit 0.115876 0.084293 0.08175 

soilAlfInc 0.19181 0.138662 0.133825 

soilEntVert 0.290346 0.208948 0.203833 

soilMol 0.515306 0.370391 0.366167 

soilSpodHist 0.261371 0.186825 0.178957 

soilUltKan 1.011318 0.732948 0.716059 

u1 0.06001 0.041658 0.04223 

u2 0.047504 0.034492 0.03315 

u3 0.047397 0.034482 0.033131 

I(moisture^2) 0.049459 0.036001 0.0349 

moisture:deficit 0.051744 0.037485 0.03646 

moisture:soilAlfInc 0.083155 0.059987 0.058668 

moisture:soilEntVert 0.059997 0.043268 0.042662 

moisture:soilMol 0.053443 0.038099 0.038136 

moisture:soilSpodHist 0.072146 0.052017 0.050828 

moisture:soilUltKan 0.050948 0.037423 0.036211 

temp:soilAlfInc 0.134987 0.097037 0.093651 

temp:soilEntVert 0.07977 0.057421 0.05582 

temp:soilMol 0.061564 0.04446 0.043666 

temp:soilSpodHist 0.126603 0.091215 0.089586 

temp:soilUltKan 0.198634 0.143921 0.141077 

deficit:soilAlfInc 0.087008 0.062923 0.061004 

deficit:soilEntVert 0.065428 0.046857 0.046473 

deficit:soilMol 0.076278 0.054937 0.05375 

deficit:soilSpodHist 0.082137 0.05916 0.057968 

deficit:soilUltKan 0.068209 0.049793 0.048413 
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Appendix D: The hierarchical state-space model 

The hierarchical structure consists of data, process, and parameters.  The data 

stage includes predictors (X) and observed greenness (𝐸𝑉𝐼), which is observed with 

error, a variance parameter 2.  The process stage describes latent phenological 

development.  The latent phenological state yp,y,d is defined as true greenness per site p 

for year y and day d.  The observed 𝐸𝑉𝐼 values are related to the latent states (𝑦) with a 

Gaussian distribution: 

𝐸𝑉𝐼𝑝,𝑦,𝑑~𝑁(𝑦𝑝,𝑦,𝑑 , 𝜏2) 

Change in phenological state (𝑑𝑦𝑝,𝑦,𝑑) from day d to d+1,   

𝑦𝑝,𝑦,𝑑+1 =  𝑦𝑝,𝑦,𝑑 + 𝑑𝑦𝑝,𝑦,𝑑 

depends on environmental predictors in a design vector 𝑿𝑝,𝑦,𝑑, fitted coefficients 

, and  process error, with variance 2.  The rate can be positive continuous, but with 

point mass at zero, 

 𝑑𝑦𝑝,𝑦,𝑑 = {
𝛿𝑝,𝑦,𝑑 , 𝛿𝑝,𝑦,𝑑 ≥ 0

0, 𝛿𝑝,𝑦,𝑑 < 0
 

𝛿𝑝,𝑦,𝑑~𝑁(𝜇𝑝,𝑦,𝑑 , 𝜎2 ) 

𝜇𝑝,𝑦,𝑑 = 𝐗𝑝,𝑦,𝑑−1𝛽(1 − 𝑦𝑝,𝑦,𝑑/𝑦𝑝,𝑦,𝑚𝑎𝑥) 

where 𝛿𝑝,𝑦,𝑑 is the intermediate variable for 𝑑𝑦𝑝,𝑦,𝑑, 𝜎2  is the process stochasticity and 

𝑦𝑝,𝑦,𝑚𝑎𝑥is the maximum greenness by the end of the green-up season.  The censoring at 

zero follows the Tobit model, used when continuous variables may admit discrete zeros 

(Clark et al. 2016, Sahu, Gelfand, and Holland 2010).  Given a Gaussian prior distribution 
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for 𝛽, and uniform prior distributions for 𝜎2  and 𝜏2, the overall model can be expressed 

as:  

[𝛽, 𝜎2, 𝜏2, y, ymax|X, 𝐸𝑉𝐼] ∝ 

∏ ∏ ∏
 𝑁 (𝐸𝑉𝐼𝑝,𝑦,𝑑|𝑦

𝑝,𝑦,𝑑
, 𝜏2) [

1

𝜎
𝜙 (

𝛿𝑝,𝑦,𝑑 − 𝜇𝑝,𝑦,𝑑

𝜎
)]

𝐼(𝛿𝑝,𝑦,𝑑>0)

[1 − Φ (
𝜇𝑝,𝑦,𝑑 − 𝛿𝑝,𝑦,𝑑

𝜎
)]

𝐼(𝛿𝑝,𝑦,𝑑≤0)

𝑑𝑦𝑝

×  𝑁(𝛽|𝛽
0

, 𝑉𝑏)𝑈𝑛𝑖𝑓(𝜎2 |0, ∞)𝑈𝑛𝑖𝑓(𝜏2|0, ∞) 

where  and  are the standard normal density and distribution functions, 𝛽0 and 𝑉𝑏 are the 

mean vector and covariance for the prior distribution of 𝛽.  The indicator function 𝐼(∙) = 1 

when its argument is true and zero otherwise.  Non-informative priors are used for 𝛽 (𝛽0 = 0, 

𝑉𝑏 = ∞) and Unif indicate the uniform distribution as prior for 𝜎 and 𝜏.  A Metropolis–

Hastings algorithm with Gibb’s sampling through the “rjags” package in R is used to fit the 

posterior distributions of 𝛽, 𝜎, 𝜏 and 𝑦.  The model was tested and has performed well with 

simulated data.  

Sensitivity maps were generated as predictive distributions of derivatives, 

marginalizing over the posterior distributions of coefficients.  The predictive mean 

sensitivity of trait m to predictor q at location j is given by  

�̂�𝑚𝑞𝑗 =
𝜕𝑦𝑚𝑗

𝜕𝑥𝑞𝑗
= �̂�𝑚𝑞 + ∑ �̂�𝑚𝑞𝑞′𝑥𝑞′𝑗

𝑞′∈𝑄

 

where mq is the main effect of q, mqq’ is the interaction with q’, xqj is the value of predictor 

q at j, and Q is the set of predictors that interact with q.  We generated predictive 

distributions by marginalizing the posterior distribution. 
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Appendix E: Land cover type for the study sites 

Land cover type for the study sites based on MODIS Land Cover Product (MCD12Q1) and the National 

Land Cover Database (NLCD). The land cover for each site is also validated using Google Earth 

imageries. 

Site Latitude Longitude MODIS Deciduous Evergreen Mixed Model 

GCAM 34.63 -84.10 Mixed   85% 13% 2% Deciduous   

GCOH 34.92 -84.66 Mixed   54% 36% 9% Mixed   

GMCI 32.78 -83.25 Mixed   50% 50% 0% Mixed   

IHAR 39.00 -86.42 Deciduous    97% 3% 0% Deciduous   

ITPL 38.13 -86.63 Deciduous    73% 26% 1% Mixed   

ITWR 38.69 -86.00 Deciduous    100% 0% 0% Deciduous   

KCHE 37.28 -83.57 Deciduous    100% 0% 0% Deciduous   

KJAC 37.59 -83.32 Deciduous    100% 0% 0% Deciduous   

KKOO 37.77 -83.63 Deciduous    19% 22% 59% Mixed   

KPEA 37.14 -83.58 Deciduous    100% 0% 0% Deciduous   

KTRI 38.18 -83.41 Deciduous    100% 0% 0% Deciduous   

KYEL 36.60 -83.70 Deciduous    70% 11% 19% Deciduous   

NCOW 35.48 -83.33 Deciduous    92% 3% 5% Deciduous   

NDAV 35.35 -82.78 Mixed   82% 18% 0% Deciduous   

NDBR 35.76 -75.85 Mixed   0% 0% 100% Mixed   

NDUK 35.97 -79.09 Mixed   30% 70% 1% Mixed   

NGUI 35.21 -82.59 Mixed   28% 72% 0% Mixed   

NHIG 35.08 -83.22 Mixed   87% 7% 7% Deciduous   

NIPS 35.65 -82.91 Deciduous    99% 0% 1% Deciduous   

NJCY 35.32 -82.20 Mixed   72% 27% 1% Mixed   

NJES 36.05 -82.38 Deciduous    99% 1% 0% Deciduous   

NNCP 35.82 -81.94 Mixed   50% 31% 19% Mixed   

NREN 36.23 -81.30 Deciduous    100% 0% 0% Deciduous   

NSTC 36.07 -81.80 Deciduous    100% 0% 0% Deciduous   

NTUS 35.04 -84.06 Mixed   92% 3% 5% Deciduous   

NUWH 35.37 -79.87 Mixed   69% 20% 10% Mixed   
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NWRR 36.36 -78.10 Mixed   47% 48% 5% Mixed   

ODEN 38.70 -82.63 Deciduous    100% 0% 0% Deciduous   

OSHW 38.70 -83.20 Deciduous    100% 0% 0% Deciduous   

OVIN 39.20 -82.39 Deciduous    100% 0% 0% Deciduous   

OZAL 39.28 -82.39 Deciduous    100% 0% 0% Deciduous   

SCON 33.82 -80.78 Mixed   33% 67% 0% Mixed   

SKIN 35.15 -81.40 Mixed   95% 4% 1% Deciduous   

SSV2 33.21 -81.59 Mixed   0% 98% 2% Evergreen 

SWAM 32.97 -79.67 Mixed   0% 85% 15% Mixed   

TCHE 35.62 -83.21 Mixed   95% 1% 5% Deciduous   

TCHU 36.37 -83.90 Deciduous    96% 1% 3% Deciduous   

TCOK 36.28 -84.28 Deciduous    100% 0% 0% Deciduous   

TIND 35.62 -83.81 Mixed   72% 20% 8% Mixed   

TNLI 36.20 -82.37 Deciduous    81% 10% 9% Deciduous   

TOCO 35.14 -84.60 Mixed   72% 21% 7% Mixed   

TPRE 35.13 -85.43 Deciduous    97% 2% 1% Deciduous   

TTOW 35.54 -83.29 Deciduous    100% 0% 0% Deciduous   

TUNI 36.13 -82.45 Deciduous    98% 1% 1% Deciduous   

VBEE 38.20 -81.62 Deciduous    100% 0% 0% Deciduous   

VBER 37.26 -81.70 Deciduous    85% 4% 11% Deciduous   

VCON 39.45 -80.87 Deciduous    99% 1% 0% Deciduous   

VCRA 37.52 -80.08 Deciduous    88% 7% 5% Deciduous   

VDAV 39.11 -79.43 Deciduous    93% 2% 5% Deciduous   

VGDR 36.61 -76.55 Mixed   32% 55% 13% Mixed   

VNAT 39.20 -78.79 Deciduous    99% 0% 1% Deciduous   

VPIP 37.53 -81.00 Deciduous    97% 2% 1% Deciduous   

VPRW 38.56 -77.37 Deciduous    100% 0% 0% Deciduous   

VSAW 38.10 -78.78 Deciduous    98% 0% 2% Deciduous   

VSTO 37.01 -81.18 Deciduous    90% 5% 5% Deciduous   

VUMH 37.74 -79.34 Deciduous    98% 1% 1% Deciduous   

VVIE 37.83 -81.07 Deciduous    100% 0% 0% Deciduous   

VWRF 39.68 -79.77 Deciduous    98% 0% 2% Deciduous   

WVMR 38.23 -80.04 Deciduous    99% 0% 1% Deciduous   
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Appendix F: Calculation of solar radiation 

Incoming solar radiation is calculated as: 

𝑆𝑖𝑛 = 𝑆𝑡𝑜𝑎  (1 − 0.75𝐶3)𝑐𝑜𝑠(𝜓), 

where 𝑆𝑡𝑜𝑎 is top of the atmosphere solar radiation, 𝐶 is the cloud coverage, and 𝜓 is the 

solar zenith angle. 𝑆𝑡𝑜𝑎 for the N’th day of the year is evaluated from (Kalogirou 2009): 

𝑆𝑡𝑜𝑎 = 𝑆𝑐 [1 + 0.033𝑐𝑜𝑠 (
360𝑁

365
)], 

where 𝑆𝑐 = 1366.1 𝑊 𝑚2⁄  is solar constant. 𝜓 for latitude 𝐿 is approximated by solving: 

𝑐𝑜𝑠(𝜓) = 𝑠𝑖𝑛(𝐿)𝑠𝑖𝑛(𝛿) + 𝑐𝑜𝑠(𝐿)𝑐𝑜𝑠(𝛿)𝑐𝑜𝑠(ℎ), 

where 𝛿 is solar declination angle, 𝛿 = 23.45° 𝑠𝑖𝑛 (
360

365
(284 + 𝑁)), ℎ is solar hour angle, 

ℎ = 15(𝐴𝑆𝑇 − 12), and 𝐴𝑆𝑇 is the apparent solar time (in hours). 
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Appendix G: Diagnostics for the state-space model 

 

Figure S1. Validation of the model with simulated data when 10% of the observations are 
missing. The top-left panel shows the posterior distributions of coefficients, ymax and errors. The 

top-right panel shows MCMC estimation of coefficients, ymax and errors. The bottom panel shows 
the comparison of observations vs predictions when the entire time series is predicted. 
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Figure S2. Validation of the model with simulated data when 20% of the observations are 
missing. The top-left panel shows the posterior distributions of coefficients, ymax and errors. The 

top-right panel shows MCMC estimation of coefficients, ymax and errors. The bottom panel shows 
the comparison of observations vs predictions when the entire time series is predicted. 

  



 

97 

 

Figure S3. Validation of the model with simulated data when 50% of the observations are 
missing. The top-left panel shows the posterior distributions of coefficients, ymax and errors. The 

top-right panel shows MCMC estimation of coefficients, ymax and errors. The bottom panel shows 
the comparison of observations vs predictions when the entire time series is predicted. 
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Figure S4. Validation of the model with simulated data when 75% of the observations are 
missing. The top-left panel shows the posterior distributions of coefficients, ymax and errors. The 

top-right panel shows MCMC estimation of coefficients, ymax and errors. The bottom panel shows 
the comparison of observations vs predictions when the entire time series is predicted. 
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