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ABSTRACT 

 

Amazonian evergreen forests are of broad interest, attributable to their ecological, economic, 

aesthetic, and cultural importance. However, their fate under climate change remains uncertain, 

largely due to unclear mechanisms in regulating tropical photosynthetic metabolism. 

Understanding mechanistic controls on these dynamics across time scales (e.g. hours to years) is 

essential and a prerequisite for realistically predicting tropical forest responses to inter-annual and 

longer-term climate variation and change. Tropical forest photosynthesis can be conceptualized as 

being driven by two interacting causes: variation due to changes in environmental drivers (e.g. 

solar radiation, diffuse light fraction, and vapor pressure deficit) interacting with model parameters 

that govern photosynthetic behavior, and variation in photosynthetic capacity (PC) due to changes 

in the parameters themselves. In this thesis, I aim to reveal photosynthetic controls by addressing 

three fundamental but complementary questions: (1) What are the mechanisms by which the subtle 

tropical phenology exert controls on tropical photosynthetic seasonality? (2) How do the extrinsic 

and intrinsic controls regulate the photosynthesis processes at hourly to interannual time scales in 

an Amazonian evergreen forest? (3) Are there sufficiently consistent relations among leaf traits, 

ages, and spectra that allow a single model predict the leaf aging process of Amazonian evergreen 

trees?  

      To address question 1, I firstly show that seasonal change in ecosystem-scale photosynthetic 

capacity (PC), rather than environmental drivers, is the primary driver of seasonality of gross 

primary productivity (GPP) at four Amazonian evergreen forests spanning gradients in rainfall 

seasonality, forest composition, and flux seasonality. Using novel near-surface camera-detected 
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leaf phenology to drive a simple leaf-cohort canopy model at two of these sites, I further show that 

leaf ontogeny and demography explain the changes in ecosystem photosynthetic capacity. The 

coordination of new leaf growth and old leaf divestment (litterfall) during the dry season shifts 

canopy composition towards younger leaves with higher photosynthetic capacity, driving large 

seasonal increases (~27%) in ecosystem photosynthetic capacity.  

      To address question 2, I used the 7-year eddy covariance (EC) measurements in an Amazonian 

tropical evergreen forest. I used a statistical model to partition the variability of 7-year EC-derived 

GPP into two main causes: variation due to changes in extrinsic environmental drivers and 

variation in intrinsic PC. The fitted model well predicts variability in EC-derived GPP at hourly 

(R2=0.71) to interannaul (R2=0.81) timescales. Attributing model predictions to causal factors at 

different timescales, I find that ~92% of the variability in modeled hourly GPP could be attributed 

to environmental driver variability, and ~5% to variability in PC. When aggregating the modeled 

GPP into the annual time-step, the attribution is reversed (only ~4% to environment and ~91% to 

PC). These results challenge conventional approaches for modeling evergreen forests, which 

neglect intrinsic controls on PC and assume that the primary photosynthetic control at both long 

and short timescales is due to changes in the hourly-to-diurnal environment on the physiological 

phenotype. This work thus highlights the importance of accounting for differential regulation of 

different components of GPP at different timescales, and of identifying the underlying feedbacks 

and adaptive mechanisms which regulate them.   

      To address question 3, I explored the potential for a general spectrally based leaf age model 

across tropical sites and within the vertical canopy profiles using a phenological dataset of 1831 

leaves collected at two lowland Amazonian forests in Peru (12 species) and Brazil (11 species). 
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This work shows that a simple model (parameterized using only Peruvian canopy leaves) 

successfully predicts ages of canopy leaves from both Peru (R2=0.83) and Brazil (R2=0.77), but 

ages for Brazilian understory leaves with significantly different growth environment and leaf trait 

values have lower prediction accuracy (R2=0.48). Prediction accuracy for all Brazilian samples is 

improved when information on growth environment and leaf traits were added into the model (5% 

R2 increase; R2=0.69), or when leaves from the full range of trait values are used to parameterize 

the model (15% R2 increase; R2=0.79). This work shows that fundamental ecophysiological rules 

constrain leaf traits and spectra to develop consistently across species and growth environment, 

providing a basis for a general model associating leaf age with spectra in tropical forests.   

      In sum, in this thesis, I (1) conceptualize photosynthesis as being driven by two interacting 

dynamics, extrinsic and intrinsic, (2) propose and validate a model for biological mechanisms that 

mediate seasonal dynamics of tropical forest photosynthesis, (3) assess and quantify the factors 

controlling tropical forest photosynthesis on timescales from hourly to interannual, and (4) develop 

a general model for monitoring leaf aging processes of tropical trees across sites and growth 

environments. The revealed mechanisms (and proposed models) in this thesis greatly improve our 

mechanistic understanding of the photosynthetic and phenological processes in tropical evergreen 

forests. Strategic incorporation of these mechanisms will improve ecological, evolutionary and 

earth system theories describing tropical forests structure and function, allowing more accurate 

representation of forest dynamics and feedbacks to climate in earth system models. 

 



 

 10 

INTRODUCTION 

 

1.  Background: important role of Amazonian evergreen forests in climate change research 

Understanding the extent to which terrestrial plants are responding to current/future environmental 

variability and change and the tipping points beyond which they are vulnerable is a longstanding 

question in ecosystem ecology (Tansley, 1935; Odum, 1969; Holling, 1973, 1986; Chapin et al., 

2002), and a central problem in global change ecology (Vitousek, 1994; Hurtt et al., 1998; Cleland 

et al., 2007). This is particularly important in carbon rich evergreen tropical forests in Amazon, as 

they account for around half of the global tropical forest area (Morley, 2002), store half of the pan-

tropical terrestrial biomass (120 Pg C of global 246 Pg C) (Pan et al., 2011; Saatchi et al., 2011), 

hold a quarter of global biodiversity (Dirzo & Raven, 2003), and process around 34% of terrestrial 

photosynthesis (Beer et al., 2010). Through biosphere-atmosphere exchange of carbon and water, 

Amazonian tropical forests can thus substantially influence large-scale carbon and water budgets 

(Phillips et al., 2009; Lee & Boyce, 2010; Fu et al., 2013), create feedbacks that amplify or mute 

climate change (Bonan, 2008; Lee & Boyce, 2010; Fu et al., 2013), and induce the change in forest 

dieback (Phillips et al., 2009; Fu et al., 2013) and species composition change (Anadon et al., 

2014).  

      The vulnerability of Amazonian evergreen forests to climate change is becoming a pressing 

topic in tropical ecology (Saleska et al., 2007; Malhi et al., 2008; Phillips et al., 2009; Brienen et 

al., 2015). Mounting evidence has been shown for the observed increased frequency of droughts 

and associated temperature increases in Amazon (Li et al., 2008; Lee et al., 2011), which also 

induced the widespread ground-observed increased tree mortality in Amazon (Phillips et al., 2009; 
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Brienen et al., 2015; Doughty et al., 2015). Meanwhile, majority of the climate model projections 

from the Coupled Model Intercomparison Project Phase 5 (CMIP 5) (Diffenbaugh & Field, 2013; 

Fu et al., 2013; Joetzjer et al., 2013) predicted a drier and warmer future in the southern Amazon 

with an increased dry season length. The fate of Amazonian tropical forests therefore critically 

depends upon how these tropical plants cope with water stress and other environmental variability 

in warmer and drier climates.  

      The success in resolving the above vulnerability question requires the efforts from multi-

disciplinary approaches. Specifically, these approaches include (1) a better 

characterization/prediction of current/future environmental variability and change (in the fields of 

remote sensing/environmental physics), (2) an improved ecophysiological representation of land 

plants response to single and multiple environmental variability and anomaly on timescales from 

hourly to inter-annual  (ecophysiology), (3) an accurate monitoring/projection of canopy structure 

and community composition change under long-term climate change (remote sensing/community 

ecology), and (4) an improved representation of the above three steps into a dynamic climate-

vegetation model (earth system model development). Among all these multi-disciplinary efforts, 

understanding mechanistic controls on land plants physiological response to short-term 

environmental variability (e.g. hourly to interannual scale) is essential and a prerequisite for 

realistically predicting tropical forest responses to decade and longer-term climate variation and 

change (Saleska et al., 2009; Restepo-Coupe et al., 2013; Guan et al., 2015). 

 

2. The Problem: why study mechanisms that meditate tropical photosynthetic seasonality 
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Amazonian forests are vulnerable to climate change, with large potential consequences for global 

carbon cycling (Cox et al., 2008; Malhi et al., 2008; Phillips et al., 2009; Brienen et al., 2015). 

However, uncertainties persist, not only on responses to climate change, but the basic prior 

question: what controls the response of Amazon forest photosynthesis to seasonal variations in 

climate? This question, despite its apparent simplicity, remains difficult for earth system models 

to answer, and is controversial in the remote sensing literature.  

      Earth system models (ESMs) are the most widely used and appropriate tools for predicting 

large-scale responses of vegetation to future climate. However, large uncertainties remain in 

previous ESMs forecasts, which offer contrasting predictions for the Amazon basin at the end of 

this century: catastrophic carbon loss to the atmosphere due to widespread Amazon forest collapse 

and conversion to savanna (Betts et al., 2004; Cox et al., 2004; Friend et al., 2014), or an increase 

in terrestrial carbon stocks due to CO2 fertilization of photosynthesis (Ahlstrom et al., 2012; Cox 

et al., 2013; Huntingford et al., 2013; Friend et al., 2014). Model predictions of future Amazon 

are not easily tested, but common mechanisms also control response to short-term climatic 

variations, including seasonal variations (Restrepo-Coupe et al., 2013). Thus, understanding 

seasonal variation of forest metabolism is an important basis for understanding vegetation response 

to climate change.  

      Because most ESMs currently fail to capture the photosynthetic seasonality in equatorial 

Amazon evergreen forests (Fig. 1; Restrepo-Coupe et al., in prep), implying that key mechanisms 

that mediate tropical photosynthesis are missing. For example, model-predicted seasonal patterns 

diverge from observed whole system photosynthetic fluxes (Fig. 1) (de Goncalves et al., 2013). 

One reason is that modeled seasonality, incorporating no or little canopy phenology, is primarily 
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driven by environmental variability – e.g. in rainfall-driven “soil water stress” (Baker et al., 2008), 

which suppresses dry season GPP -- while observed photosynthetic seasonality appears driven by 

changes in canopy phenology and physiology (Restrepo-Coupe et al., 2013). Some models 

improved photosynthesis using seasonally-varying physiology (Verbeeck et al., 2011, de Weirdt 

et al., 2012; Kim et al., 2012), but modeled mechanisms need testing with observations of 

seasonally varying environment, canopy phenology, and physiology. 

      In the remote sensing arena, high-temporal resolution satellite observations (e.g. with the 

Moderate-resolution Imaging Spectroradiometer, MODIS) have detected positive ‘greening’ 

vegetation responses to seasonal drying (Huete et al., 2006; Myneni et al., 2007) and interannual 

drought (Saleska et al., 2007), which, if accurate, suggest that tropical vegetation, by apparently 

responding positively to increased light availability in dry periods, is more complex, and possibly 

more robust than most earth system models (ESMs) suggest, with implications for long-term 

vulnerability to climate change. However, issues remain in the interpretation and understanding of 

remote sensing data. Some studies suggest that MODIS products (e.g. Enhanced Vegetation Index, 

or EVI) are sensitive to seasonally varying artifacts – particularly sun-sensor geometry (Galvao et 

al., 2011; Moura et al., 2012; Morton et al., 2014), or atmospheric cloud/aerosol contamination 

(Samanta et al., 2010), – that may confound a sensor’s ability to accurately capture the real 

phenology and functional response of tropical forests to climate variability. Further, seasonal 

dynamics due to colonization of leaves by epiphylls (Toomey et al., 2009) or changes in canopy 

structure (Andersen et al., 2010) may complicate interpretation of true surface reflectance. 

Critically needed are studies that transparently upscale different observable canopy-level 

mechanisms in order to test potential artifacts and disentangle them from true canopy dynamics. 
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3. Theoretical basis and testable hypotheses: linking extrinsic environmental drivers and 

intrinsic tropical leaf phenology with tropical photosynthesis in Amazon  

3.1 Factors controlling ecosystem photosynthesis 

Leaves have long been recognized to be a highly functional portal to the environment, representing 

the primary site of carbon capture and water loss. At ecosystem scale, a forest system is an 

assemblage of plants with leaves that possess a particular spatial distribution and assortment of 

angle orientations (Monsi et al., 1973; Baldocchi & Amthor, 2001). Ecosystem photosynthesis 

therefore critically depends on how a collection of leaves intercepts sunlight and use light energy 

to assimilate CO2. The major factors affecting ecosystem photosynthesis, through light 

interception, include the angular relationship between leaves and earth-sun geometry, and total 

leaf quantity and its 3-dimension distribution. Other factors affecting ecosystem photosynthesis 

include environmental conditions (temperature, wind speed, humidity, CO2 concentration, and the 

availability of soil moisture and nutrients), the leaf age-dependent biophysical properties, and leaf 

type dependent specific photosynthetic pathways (Baldocchi & Amthor, 2001; Wilson et al., 

2001). To summarize, ecosystem photosynthesis can be conceptualized being driven primarily by 

two interacting dynamics – environmental, which can induce change based on given biological 

properties, and biological (leaf surface area, leaf age and age related biophysical properties), which 

can cause change despite fixed environmental conditions. 

      The general principals of how environment regulates plant photosynthesis response under 

given biological properties, a primary research question in plant physiology, have been relatively 

well characterized at both leaf scale (Farquhar et al., 1980) and ecosystem scale (dePury & 
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Farquhar, 1997). Here, I thus focus on seasonal varying photosynthetic dynamics, interacting with 

the seasonality of intrinsic biological properties. As described above, there are two major 

categories of biological dynamics controlling ecosystem photosynthesis, including (1) leaf 

quantity (i.e. measured by leaf area index, LAI) controlling ecosystem photosynthesis primarily 

through light interception as modeled by Beer’s law (Beer, 1852; Jarvis & Leverenz, 1983); (2) 

leaf quality, which is associated with leaf age and age-induced change in leaf biochemistry and 

photosynthetic capacity (Field & Mooney, 1983; Kitajima et al., 1997; Wilson et al., 2001; 

Kitajima et al., 2002; Doughty & Goulden, 2008; Ma et al., 2011; Dillen et al., 2012; Appendix 

A; Appendix C). Both leaf quantity and quality show seasonal variation (Doughty & Goulden, 

2008; Muraoka et al., 2010; Ryu et al., 2012; Appendix A). Therefore, when studying biological 

controls on ecosystem photosynthesis seasonality, it is imperative to consider ecosystem 

phenology of both aspects (leaf quantity and quality). 

3.2 Hypotheses 

Based on the general principals in controlling ecosystem photosynthesis laid out in section 3.1, I 

thus proposed three inter-related hypotheses for explaining tropical photosynthetic seasonality. 

Specifically, the seasonality of photosynthesis in tropical evergreen forests is driven by:   

       (H1) the seasonality of environmental drivers (e.g., water availability and sunlight, including 

the important effects of aerosols and cloud cover on photosynthetic efficiency), while canopy 

functional response remains largely fixed. (This is what virtually all ESM’s assume now). 

      and/or (H2) seasonal changes in canopy leaf quantity (i.e. LAI), while the functional response 

of individual leaves remains fixed (or constant leaf quality).  
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      and/or (H3) seasonal changes in canopy demography (i.e. in its leaf-age composition), while 

the functional response of individual leaves depends on leaf age (or dynamic leaf quality). 

 

4. Main Objectives  

This dissertation research aims to significantly advance understanding of mechanisms that 

meditate tropical photosynthesis across timescales from hours to years—which is a threshold test 

for our ability to predict Amazon forest response to longer-term environmental variability and 

change —and to develop a set of model toolkits connecting extrinsic environmental drivers and 

intrinsic tropical leaf phenology (leaf quantity and quality) to tropical photosynthesis processes. 

Specifically, in Appendix A, by integrating eddy covariance based carbon flux and meteorological 

measurements with field measurements of leaf development, litterfall, and leaf level physiology 

as a function of leaf age, I, for the first time, (1) report the usage of “local remote sensing” (or 

tower-mounted camera) to study the subtle phenology in two central Amazonian evergreen forests, 

(2) assess which is the dominant driver of photosynthestic seasonality, environment or phenology, 

at four Amazonian evergreen forests, spanning gradients in rainfall seasonality, forest 

composition, and flux seasonality, and (3) develop a simple leaf cohort canopy model to account 

for both leaf quantity and quality components for explaining biological controls on tropical 

photosynthesis. In Appendix B, I use the seven-year eddy flux measurements at a central 

Amazonian evergreen forest to (1) explore the factors controlling tropical photosynthesis on 

timescales from hourly to interannual, and  (2) provide a quantitative description of environmental 

controls on tropical photosynthesis with the consideration of environmental correlations. In 

Appendix C, I use a phenological dataset of 1831 leaves collected at two lowland Amazonian 
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forests in Peru (12 species) and Brazil (11 species) to explore the potential for a generalizable 

spectrally based model for leaf age—an indirect measure of leaf quality, across tropical sites and 

within the vertical canopy profiles. 
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PRESENT STUDY 

The following is a summary of the most important findings of my PhD research. The full methods, 

results, and conclusions are presented in the appended papers. 

 

Summary of Appendix A: “Leaf development and demography explain photosynthetic 

seasonality in Amazon evergreen forests” 

      This article is currently in review Science.  Photosynthetic seasonality couples plant ecology to 

rhythms of biosphere-atmosphere carbon and water exchange, and climate. However, in evergreen 

tropical forests, the extent, magnitude, and controls on photosynthetic seasonality are poorly 

resolved, controversial, and inadequately represented in most earth system models. Here, 

combining novel camera observations with ecosystem carbon dioxide fluxes from forests across a 

rainfall gradient in Amazônia, we show that aggregate canopy phenology, not seasonality of 

climate drivers, is the primary cause of photosynthetic seasonality in these forests. Specifically, 

synchronization of new leaf growth with litterfall during the dry season shifts canopy composition 

towards younger more light-use efficient leaves, explaining large seasonal increases (~27%) in 

ecosystem photosynthesis. Coordinated leaf development and demography thus reconcile 

seemingly disparate observations at different scales, and indicate that accounting for leaf level 

phenology is critical for accurately simulating ecosystem-scale responses to climate change. 

      This study was the result of a large international collaboration. J.W., however, was responsible 

for most of the research design and analysis, and drafted the manuscript; co-authors contributed to 

data sharing, important revisions and participated in discussion about the conceptual basis of the 

article. Specifically, J.W., L.P.A. and S.R.S. designed the phenology experiment and analysis. 
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J.W., N.R.C, K.T.W., M.H., K.S.C., R.d.S. and S.R.S. contributed to the installation, maintenance, 

or analysis of data of the km67 eddy flux system. J.W., M.L.F., and P.M.B. contributed to or 

analysed ground based phenology data, and J.W. and S.R.S. developed the leaf demography-

ontogeny model. N.R.C. and S.RS. engineered and installed the km67 camera system, and J.W.,  

A.P. L., B.W.N., S.M. and J.V.T. analysed the camera based phenology data. L.P.A. collected and 

analyzed leaf level gas exchange data. K.G. provided MAIAC EVI data. J.W. drafted the 

manuscript, and S.R.S, L.P.A, T.E.H, S.C.S, B.W.N, N.R.C, K.G., A.R.H., H.K., and D.G.D. 

contributed to writing the final version. 

 

Summary of Appendix B: “Partitioning the extrinsic and intrinsic controls on gross primary 

productivity at hourly to interannual time scales in an Amazonian evergreen forest” 

      This article intended for submission to Global Change Biology. Gross primary productivity (GPP) 

in tropical forests varies with both extrinsic environment and genetically-defined intrinsic 

constraints, but our understanding of the effect of these factors across time scales is limited. Here, 

we used a statistical model to partition the variability of 7-year eddy covariance-derived GPP in a 

central Amazon evergreen forest into two main causes: variation due to changes in environmental 

drivers (e.g. solar radiation, diffuse light fraction, and vapor pressure deficit) interacting with 

model parameters that govern photosynthetic behavior, and variation in photosynthetic capacity 

(PC) due to changes in the parameters themselves. Our fitted model well-predicted variability in 

eddy covariance-derived GPP at hourly (R2=0.71) to interannaul (R2=0.81) timescales. Attributing 

model predictions to causal factors at different timescales, we found that ~92% of the variability 

in modeled hourly GPP could be attributed to environmental driver variability, and ~5% to 
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variability in PC. When aggregating the modeled GPP into the annual time-step, the attribution 

was reversed (only ~4% to environment and ~91% to PC). These results challenge conventional 

approaches for modeling evergreen forests, which neglect intrinsic controls on PC and assume that 

the primary photosynthetic control at both long and short timescales is due to changes in the 

hourly-to-diurnal environment on the physiological phenotype. This analysis helps resolve long-

running debates about tropical forest function, including that about which resources, water or light, 

regulate the seasonality of GPP. We found that at this site, PC increased during higher sunlight dry 

seasons (consistent with light but not water limitation of leaf growth and development), but also 

that dry season realized GPP, relative to its capacity, was lower than during wet seasons (consistent 

with limitation of photosynthetic physiology by water availability). This work highlights the 

importance of accounting for differential regulation of different components of GPP at different 

timescales, and of identifying the underlying feedbacks and adaptive mechanisms which regulate 

them.   

      J.W. was responsible for the research design and analysis, and drafted the manuscript; co-

authors contributed to data sharing, important revisions and participated in discussion about the 

conceptual basis of the article. 

 

Summary of Appendix C: “Convergence in relations among leaf traits, spectra and age across 

canopy environment and two contrasting tropical forests” 

      This article is currently in review New Phytologist. Leaf age structures the phenology and 

development of plants, as well as the largely neglected variability in leaf traits over life histories. 

However, a general technique for efficiently estimating leaf age is lacking. Here, we explored the 
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potential for a statistical (PLSR) model to predict leaf age from leaf reflectance spectra across 

Amazonian forest sites using a model developed at a Peruvian site (12 species) and testing it across 

canopy growth environments at a contrasting Brazilian site (11 species). Our results show that a 

single model (parameterized using only Peruvian canopy leaves) successfully predicted ages of 

canopy leaves from both Peru (R2=0.83) and Brazil (R2=0.77), but ages for Brazilian understory 

leaves with significantly different leaf trait values had lower prediction accuracy (R2=0.47). 

Combined prediction accuracy for canopy and understory leaves was improved when information 

on growth environment and leaf traits were added into the model (R2 increased by 0.05 to R2=0.69), 

or when leaves from the full range of trait values were used to parameterize the model (0.15 R2 

increase; R2=0.79). This work suggests that fundamental rules constrain leaf traits and spectra to 

develop consistently across species and canopy environments, providing a basis for a general 

model associating leaf age with spectra in tropical forests.   

      J.W. was responsible for the research design and analysis, and drafted the manuscript; co-

authors contributed to data sharing, important revisions and participated in discussion about the 

conceptual basis of the article. 
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Figure 1. Modeled and observed forests near weekly seasonal Manaus (K34, left), and strongly 

seasonal Santarem (K67, right) show: Row1: dry-season gross primary productivity (GPP) 

declines in models, but increases in observations; Row 2: modeled soil water “stress” depresses 

model GPP, even as model photosynthetic infrastructure (LAI, Row 3) is constant in most models 

(declining in ED in the strong K67 dry season). By contrast, observed dry-season leaf area index 

(LAI) increases at K67, expanding photosynthetic capacity (Row 4) (vs, declines in K67 modeled 

capacity). Source: Observations from Restrepo-Coupe et al. (in prep), 4 earth system models 

(ESMs) were performed by the LBA Data Model Inter-comparison Project (L.G. Goncalves, PI) 

and the Andes-Amazon Modeling Initiative (P.Moorcroft, PI). ED: Ecosystem Demographic 

model, version 2 (Medvigy et al., 2009); CLIM: the NCAR Community Land Model, version 3.5 

(Oleson et al., 2008); IBIS: the Integrated Biosphere Simulator (Foley et al., 1996); JULIES: the 

joint UK Land Environmental Simulator (Best et al., 2011).  
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APPENDIX A: LEAF DEVELOPMENT AND DEMOGRAPHY EXPLAIN 

PHOTOSYNTHETIC SEASONALITY IN AMAZON EVERGREEN FORESTS 

 

Paper is currently in review Science 
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Abstract: Photosynthetic seasonality couples plant ecology to rhythms of biosphere-

atmosphere carbon and water exchange, and climate. However, in evergreen tropical forests, 

the extent, magnitude, and controls on photosynthetic seasonality are poorly resolved, 

controversial, and inadequately represented in most earth system models. Here, combining 

novel camera observations with ecosystem carbon dioxide fluxes from forests across a 

rainfall gradient in Amazônia, we show that aggregate canopy phenology, not seasonality of 

climate drivers, is the primary cause of photosynthetic seasonality in these forests. 

Specifically, synchronization of new leaf growth with litterfall during the dry season shifts 

canopy composition towards younger more light-use efficient leaves, explaining large 

seasonal increases (~27%) in ecosystem photosynthesis. Coordinated leaf development and 

demography thus reconcile seemingly disparate observations at different scales, and indicate 

that accounting for leaf level phenology is critical for accurately simulating ecosystem-scale 

responses to climate change. 

 

Main Text: The seasonal rhythm of ecosystem metabolism – the aggregated photosynthesis, 

transpiration, or respiration of all organisms in a landscape – emerges from the interactions among 

climate, ecology of individuals and communities, and biosphere-atmosphere exchange of mass and 

energy (1). In temperate zones, seasonality of terrestrial production drives the annual oscillations 

in atmospheric carbon dioxide concentrations (2), and in the tropics plant transpiration seasonality 

mediates tropical convection and the timing of dry-to-wet season transitions, a potentially 

significant feedback to climate (3).    
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Seasonality in temperate zones is tightly linked to plant phenology (4) (the timing of periodic life-

cycle events including leaf development and senescence), which in turn is synchronized by cold-

season dormancy (4). However, the extent, magnitude and controls of seasonality of ecosystem 

metabolism in year-round warm tropical evergreen forest systems are much debated (5-7). For 

example, most current earth system models represent little or no phenology in evergreen tropical 

biomes, so any seasonality in photosynthetic flux that emerges is due to seasonality in climatic 

drivers (8-10). However, remote sensing observations (5-7, 11-13) controversially suggest that 

central Amazon forests seasonally increase their photosynthetic capacity (“green-up”) during dry 

seasons, while southern Amazon and African tropical forests show declines (13). There is 

extensive debate over the mechanisms driving these patterns (11, 14) (including whether they 

might be remote sensing artifacts) (5-7), and how they might be modeled (8-10, 15).   

 

To determine the actual extent of seasonality in tropical ecosystem photosynthetic fluxes (or Gross 

Primary Productivity, GPP), and develop a more mechanistic understanding of how it emerges 

from climatic and biological processes, we integrated ecosystem-scale metrics of CO2 exchange, 

climate, and phenology in Amazon forests with a model of leaf dynamics to address two key 

questions: (1) What is the relative importance of external climate versus plant phenology in 

controlling observed GPP seasonality? (2) What are the mechanisms by which these factors exert 

control?  These questions conceptualize GPP seasonality as potentially driven by variations in 

external climate variables (e.g. temperature, light, or water), in endogenous biological properties 

(e.g. leaf surface area, leaf photosynthetic capacity), or both.   
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To evaluate the first question, we compared the average annual cycle of monthly GPP (derived 

from eddy covariance measurements of net ecosystem CO2 exchange) to candidate explanatory 

variables at four Amazon sites distributed across basin-wide gradients in rainfall seasonality, 

taxonomic composition, and flux seasonality. These variables include: (1) five key climatic 

variables (see Supplementary Methods), and (2) a metric of aggregate forest canopy phenology. 

The phenology metric was ecosystem-scale photosynthetic capacity (PC), an estimate of 

photosynthetic infrastructure independent of environment, derived by averaging the carbon fixed 

by photosynthesis per unit of incoming light, under fixed reference climatic conditions (see 

Supplementary Methods).  

 

We found that GPP was strongly seasonal at all sites, but did not consistently track variation in 

climate variables (Fig. 1 and Table S2). Instead, GPP consistently tracked both timing and 

magnitude of seasonal changes in PC across all four sites (R2=0.82-0.92; Fig. 1), notably including 

both water-sufficient sites (Fig. 1a,b,c), which increase photosynthesis (i.e. ‘green-up’) in the dry 

season, and a water-limited site (Fig. 1d), which decreases photosynthesis in the dry season. PC 

phenology thus appears to be the primary driver of GPP seasonality in these forests. This contrasts 

with shorter periods such as daily cycles, during which PC is relatively constant, but GPP highly 

variable; in these cases, GPP closely tracked changes in light levels (photosynthetically active 

radiation, PAR) (Fig. S3).  

 

We then evaluated the second question: what are the mechanisms driving the seasonal changes in 

PC, allowing it to control GPP seasonality? We used near-surface cameras – widely used in 
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temperate zone phenology studies (16), but applied here for the first time in the tropics 

(Supplementary Methods) – in three Brazilian Amazon forests with different rainfall regimes (the 

long dry-season k67 site, Tapajos National Forest, near Santarém, and the shorter dry-season sites 

at k34 site, near Manaus and at ATTO, in between Santarem and Manaus, Fig. S1).  

 

We found that seasonal changes in camera-derived leaf area index (LAI) and the fraction of PAR 

absorbed by leaves (FAPAR)—common drivers in photosynthesis models—were insufficient to 

account for seasonality in PC observed at the two of these forests with long-term eddy flux 

measurements (Fig. 2a-d). Though LAI and FAPAR significantly increased during the dry season 

at both sites, their increases preceded PC by at least one month, and their relative amplitudes were 

much smaller than that of PC, which increased proportionally twice as much as LAI, and 10 times 

more than FAPAR. Thus, typical photosynthesis models, which predict that changes in GPP are 

driven by proportional changes either in PAR (climate) or in FAPAR (biology), would not be able 

to represent the observed photosynthetic seasonality of these forests.  

 

In addition, remotely sensed vegetation activity – as observed by the Enhanced Vegetation Index 

from Moderate-Resolution Imaging Spectroradiometer (MODIS) (MAIAC EVI, rigorously 

corrected for changes in cloud/aerosol quality and for sun-angle artifacts (17)) -- closely tracked 

the magnitude and timing of camera-derived LAI seasonality (Fig. 2a,b and Figs. S5, S6). In sum, 

though phenological metrics of leaf quantity from multiple independent platforms (ground, tower, 

and satellite) all showed consistent dry-season increases in the central Amazon, these increases 
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were systematically too small to explain the variation in PC that we found is responsible for GPP 

dynamics in these forests (Fig. 2c,d). 

 

Since changes in indices of leaf quantity (LAI or FAPAR, and their remote sensing analogs) were 

inadequate to explain PC variability, we investigated whether changes in leaf quality 

(photosynthetic capacity per leaf area) might provide additional insights (9, 11, 14). We found that 

as the dry season progresses, increasing leaf losses (litterfall) are more than compensated by 

simultaneous increases in new leaf production (Fig. 2e,f) at these two distinct Amazon evergreen 

forests. This dynamic drives the observed net increases in LAI, but also significantly shifts the age 

composition of these canopies towards younger leaves, which should have higher average 

“quality” than the older leaves they replace (11, 18).  

 

To test whether simultaneous changes in leaf quantity and quality could account for the large 

observed variations in PC and thus GPP, we represented their dynamics in a “leaf demography-

ontogeny model” (Fig. 3a and Supplementary Methods). In this model, demography partitions leaf 

quantity (LAI) into separate age classes, and ontogeny (leaf development) assigns a different “leaf 

quality” (leaf-level photosynthetic capacity) to each age class, and these jointly determine 

ecosystem PC. Driven by new leaf production (assumed to contribute only to the young LAI pool), 

by ground-observed litterfall (assumed to come only from the old LAI pool), and constrained to 

match the mean seasonality of camera-observed total LAI, the model is fit by adjusting parameters 

of leaf aging and leaf quality (Fig. 3a and Supplementary Methods) to optimize the match between 

simulated and observed PC at the k67 site (Fig. 3b). 
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Optimized PC simulations closely tracked observed PC at k67 (R2=0.91; p<10-5; Fig. 3b), which 

rose and fell with the simulated abundance of the mature (2-5 months old) age class (Fig. 3c). This 

correspondence indicates that the middle-age leaves have the highest photosynthetic capacity, and 

explains the time lag between PC and total LAI (Fig. 2a,b) as a consequence of leaf maturation 

time (the time to transition from young (LAIY) to mature (LAIM), Fig. 3a). A sensitivity analysis 

that alternately held leaf quantity (and thus FAPAR) or leaf quality (i.e. leaf-level photosynthetic 

capacity) constant showed that leaf quality alone could explain ~2-fold more seasonal variation in 

ecosystem PC (R2=0.91, p<10-5) than leaf quantity alone (R2=0.47, p=0.01), consistent with a 

previous simpler analysis at a single site near k67 (11). The same leaf model (parameterized by 

k67 data but driven by local LAI and litterfall at k34), well-predicted seasonality of GPP (R2=0.81, 

p=6.7*10-5; Fig. 3d) and ecosystem PC (R2=0.85, p=2.3*10-5; Fig. 3d) at k34 near Manaus, a site 

600 km away, with a much shorter dry season and more rainfall. That it does this without re-

parameterization strongly supports leaf demography and ontogeny as general mechanisms of 

photosynthetic seasonality in central Amazonian forests. 

 

We validated components of this model, finding that simulated seasonality of young leaves 

matches ground-based observations of leaf flushing rates (12) (Fig. 4a, R2=0.96, p<10-5), and that 

differences with age among model-fitted leaf-level photosynthetic parameters were consistent with 

field-measured maximum carboxylation rates (Vcmax) across these age classes (Fig. 4b). These 

results significantly advance previous work (11) by showing that a common phenological 

mechanism operates across the central Amazonian rainfall gradient, and by demonstrating this 
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mechanism with a model that could be used to represent leaf demography in larger ecosystem 

models.  

 

Our study provides compelling evidence that despite the enormous taxonomic and phylogenetic 

diversity found in these Amazon forests (19), synchronization of leaf phenology patterns among 

leaf flushing species and at different sites (hundreds of kilometers distant) is sufficient to drive 

convergent ecosystem-scale seasonal patterns of forest productivity. Such dynamics are not easily 

captured by standard phenology metrics (LAI, FAPAR, or satellite vegetation indices like EVI), 

but are evidently critical for understanding mechanisms underlying evergreen tropical forest 

functional dynamics.   

 

This work has two important implications for understanding controls on tropical forest 

photosynthesis. First, it reconciles much-debated discrepancies among different spatial scales of 

observation. For example, at the leaf scale, previous work at k67 (20) reported little seasonal 

variation in leaf photosynthetic parameters, concluding that factors other than leaf-level 

productivity must be responsible for seasonality of ecosystem productivity. However, this previous 

work (like much of the literature on leaf traits and the leaf economic spectrum globally (21, 22)), 

focused on mature leaves only, neglecting the leaf demography and ontogeny that we here show 

to be critical for scaling leaf-level photosynthesis to ecosystems.  

 

At larger scales, this study offers a framework for applying observations from novel tower-based 

cameras to resolve debates about mechanisms driving local versus satellite-observed seasonal (5-
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7) and interannual variations (23, 24) in tropical vegetation productivity. For example, MODIS 

EVI seasonality observed from satellites is weak when corrected for sun-angle artifacts (5, 17), an 

apparent divergence from highly seasonal PC or GPP observed from towers. However, when EVI 

is lagged by 1-2 months (to account for leaf maturation), and amplified by factors of 2 to 3 (to 

account for age-dependent increases in leaf photosynthetic capacity), it closely follows PC at 

Amazon tower sites across the basin (Fig. S8). This suggests that leaf demography and ontogeny 

within forest canopies may quantitatively reconcile eddy-flux derived ecosystem photosynthesis 

with satellite observations (as shown by Lopes et al. at one site (25)), a goal that should be 

achievable at larger scales by deploying similar camera systems across tropical forest sites.   

 

The second implication is that accounting for phenology is necessary for correctly detecting, 

attributing, and modeling climate sensitivity of tropical forests. Empirical studies that analyze 

climatic sensitivity of carbon and water fluxes without accounting for endogenous biological 

seasonality (26, 27) will misattribute phenological changes to climatic causes. Modeling studies 

that do not represent phenology, but that are tuned to match current observations under assumed 

constancy of LAI or FAPAR risk making erroneous predictions of forest response to future climate 

changes.   

 

By elucidating the proximate biological causes of photosynthetic seasonality in tropical evergreen 

forests, this work highlights the importance of understanding the ultimate, evolutionary bases of 

these phenomena – widespread coordination of leaf growth and senescence in dry seasons – that 

drive phenology and photosynthesis seasonality. Phenology may represent an adaptive strategy for 
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avoiding herbivores or pathogens (28) or for optimal carbon acquisition under seasonally varying 

resource availability (13, 29, 30). Integrating the evolutionary basis for the ecological mechanisms 

of tropical phenology described here may be critical to understanding the long-term response and 

resiliency of tropical forests to changing climate. 
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Figures (Main Text) 

Figure 1. Across four forests of the Brazilian Amazon, seasonal change in eddy flux-derived gross 

primary productivity (GPP) is highly correlated with seasonal changes in the intrinsic 

photosynthetic capacity of the ecosystem (PC, derived from eddy flux; see methods), but not with 

seasonal dynamics in key environmental driving variables—rainfall and photosynthetically active 

radiation (PAR). Flux tower sites are in three equatorial forests (a) Tapajós National Forest (k67 

site near Santarém), (b) Cuieras Reserve (k34 site near Manaus), (c) Caxiuana National Forest 

(CAX near Belem), and in one southern (10S) forest, (d) the Jaru Reserve (RJA) (see Methods 

for locations). Monthly values of GPP, PC and PAR are averages from 2002-2005 and 2009-2011 

at k67, 1999-2006 at k34, 1999-2003 at CAX and 1999-2002 at RJA. Confidence intervals are 

95%. MAP = mean annual precipitation. Grey shading indicates the dry season for each site. 
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Figure 2. Average annual cycle of photosynthetic capacity (PC) (green circles, from Fig 1) shows 

higher seasonal amplitude at two forest sites with distinctly different dry season lengths (a, k67, 

in a long dry-season forest near Santarem, and b, k34, in a short dry season forest near Manaus) 

than the amplitudes of three key phenological metrics often used to drive models of 

photosynthesis: leaf area index (LAI, black rectangles), fractional absorption of incoming sunlight 

(FAPAR, grey stars), (both observed from tower-mounted cameras, see methods), and the satellite-

derived Enhanced Vegetation Index (MAIAC EVI, grey triangles) (with sun-sensor angle 

corrections; see Methods).  All metrics are scaled so that a given fractional increase is the same 

magnitude across metrics, relative to the annual minimum. Average dry-season increase (relative 

to annual minima) in all phenological metrics: eddy flux-derived PC (in green) and its candidate 

explanatory variables (in grey)--satellite-derived EVI (MAIAC EVI with BRDF correction; 

Methods), and camera derived LAI and FAPAR at (c) k67 and (d) k34. Average annual cycle of 

litterfall LAI (black squares) and new leaf production LAI (grey dots) (see methods) at the same 

two sites (e k67 and f, k34) shows that modest dry-season increases in LAI (in a,b) are associated 

with rapid leaf turnover due to coordinated leaf loss and new leaf production. Confidence intervals 

are 95%. Greyed months are local dry season (<100 mm of monthly precip). Observations from 

k67 eddy flux tower (flux-derived data, 2002-2005 and 2009-2011; camera-derived data 2010-

2011), nearby biometric plot (12) (litterfall, 2001-2005), and from MODIS satellite (2002-2012); 

Observations from k34 eddy tower (flux-derived data, 1999-2006; camera-derived data 2012-

2013), nearby biometric plot (litterfall, 2004-2008), and from MODIS satellite (2002-2012). 

Shading indicates the dry season for each site. 
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Figure 3. (a) Structure of leaf demography-ontogeny model for predicting ecosystem-scale PC 

from leaf amounts (LAI) and the photosynthetic capacity of three leaf age classes (with indices 

Y=young, M=mature, and O=old leaves) (see methods and ED Table 4); (b) Observed and model-

simulated annual cycle of PC at k67 site, with optimal parameters for the timing of demographic 

transitions (τi) and the ontogeny of photosynthetic capacity (ai) obtained by fitting modeled to 

observed changes in PC (from Fig. 1a); (c) Resultant k67 site model simulations of the dynamics 

of the three leaf age classes (colored lines), constrained to sum to total camera-observed LAI (black 

line), with fitted leaf residence times for each age class shown in the legend; (d) Observed (from 

Fig. 1b) and model-predicted annual cycle of PC at wetter k34 site, based on parameters fitted at 

the drier k67 site; (e) k34 site model predictions of the dynamics of the three leaf age classes 

(colored lines), and total camera-observed LAI (black line), with leaf residence times in the legend 

taken to be the same parameters as at the k67 site. Shading indicates the dry season for each site. 
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Figure 4. Validation of the leaf demography-ontogeny model: (a) Simulations of new leaf 

dynamics (quantity of LAI with age ≤ 4 months; in black squares) along with ground observations 

of the percentage of individuals with new leaves estimated to be  4 months of age in the k67 

biometric plot (in grey circles), and  (b) Fitted age-specific photosynthetic efficiency parameters 

(aY, aM, and aO; in black squares), compared with age-specific Vcmax derived from leaf gas-exchange 

measurements in 2012 at the k67 site (boxplots, in grey; Methods). Monthly ground observations 

of the percentage of individuals with new leaves were averaged from the monthly survey at nearby 

biometric plot (1999-2004), Confidence intervals are 95%. Shading indicates the dry season for 

each site. 
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Materials and Methods 

1. Site descriptions.  

This study used the data collected from five Amazonian evergreen forests (Fig. S1), including two 

major categories of data: eddy flux and tower-mounted phenocam imagery. Four eddy covariance 

sites used in this study include (1) Tapajos National Forest near Santarém (k67 (12, 14, 31-33); 

2.85o S, 54.97o W; mean annual precipitation (MAP)=2022mm/yr), (2) the Reserva Cuieiras near 

Manaus (k34 (34); 2.61˚S 60.21˚W; MAP 2405 mm/yr), (3) the Caxiuaña National Forest near 

Belem (CAX (35); 1.72˚S 51.53˚W; MAP 2704 mm/yr), and (4) the southern forest of Reserva 

Jaru (RJA (36); 10.08˚S 61.93˚W; MAP 1924 mm/yr). Three phenocam sites include (1) k67 

(described above), (2) k34 (described above), and (3) the Amazon Tall Tower Observatory 

(ATTO; 2.14ºS 59.00ºW; MAP=2370mm/yr), 150 km northeast of Manaus (25). These forests 

sites span basin-wide gradients in rainfall, forest composition, and flux seasonality (14).  

  

2. Datasets.  

 Eddy covariance derived net ecosystem exchange (NEE) of CO2 and gross primary 

productivity (GPP). We analyzed hourly NEE observations (in µmol CO2/m
2/s, with fluxes 

to the atmosphere defined as positive) from the four tower sites at k67 (January 2002-

December 2005 (14, 31) newly updated for this analysis to include January 2009-

December 2011 (37)), k34 (June 1999 to September 2006) (34), CAX (January 1999 to 

July 2003) (35) and RJA (March 1999 to October 2002) (36), which were processed 

similarly from a recent synthesis (14). NEE was partitioned into ecosystem respiration 

(Reco) and GPP using standard methods (14): Hourly Reco, calculated as the average of 
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valid nighttime NEE during well-mixed periods (u* criterion: ≥0.22 m/s (14, 31)), was 

interpolated into the daytime, and GPP was estimated as -(NEE – Reco) (so GPP is defined 

as a positive flux).  

 Measurements of climatic variables. We analyzed a standard suite of climatic variables 

available from eddy flux tower installations: Photosynthetically Active Radiation (PAR), 

air temperature (Ta), and vapor pressure deficit (VPD). We also derived a “cloudiness 

index” (CI) as a relative metric of atmospheric diffuse light conditions for all study sites 

(section 4, below). For consistency across sites, we used rainfall measurements from the 

Tropical Rainfall Measuring Mission (TRMM) Multi-satellite Precipitation Analysis 

(TMPA) (product 3b42V6 (39), integrating microwave and infrared satellite data with 

gauge data), which provides 0.25 degree and 3-hourly rainfall estimates for the Amazon 

from 1998 to the present (through 2013 used here).  

 Ground based phenology of LAI, litterfall and leaf flushing. We analyzed ground-based 

observations of phenology in the 1-ha control plot of the Seca-Floresta drought experiment 

(12), ~5 km from the k67 tower site, including: (1) leaf area index (LAI; m2/m2) (measured 

monthly on a regular grid of 100 points via a LAI-2000 between January 2000 and 

December 2005); (2) litterfall (Mg biomass/month/ha) (from 0.5 m2 traps collected every 

15 days on the same grid); (3) frequency of trees with new foliage presence (monthly 

observations of the % of 480 individual trees ≥10 cm diameter at breast height (dbh) that 

displayed new leaves, from August 1999 to August 2004). We analyzed ground-based 

litterfall (Mg biomass/month/ha; May 2004 to October 2008) at the Manaus k34 site (from 

0.5 m2 traps collected at monthly interval on 25 traps randomly located in the 1-ha plot). 
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 Near-surface camera-based phenology. Two tower-based camera systems were used at 

three sites: (1) a Tetracam Agricultural Digital Camera (ADC; Tetracam, Inc., Gainesville, 

FL) mounted at 61 m on the eddy covariance tower at k67 (Santarém), and (2) two identical 

Stardot Netcam model XL 3MP cameras mounted at 51 m on the Manaus k34 tower, and 

at 81 m on the ATTO tower (25), respectively. The Tetracam ADC is a 3-band camera 

equipped with a 2048×1536 pixel CMOS (Complementary Metal-Oxide-Semiconductor) 

sensor. Its green, red and near-infrared (NIR) channels have spectral sensitivities similar 

to the Landsat Thematic Mapper bands 2, 3 and 4. The northeast, ~19 degrees off nadir 

orientation captures ~65 tree crowns in a field of view of ~200 ×300 m2 within the eddy 

flux footprint. Images were acquired every half hour, for 640 out of 730 days, from January 

2010 to December 2011. The Stardot cameras at k34 and ATTO have an RGB 1024×768 

pixel CMOS sensor. Configuration followed North American Phenocam Network 

protocol (16) except that sky was omitted and auto color balance turned off to enhance 

post-processing capabilities. The camera view at k34 covers about one hectare of forest 

with ~53 upper canopy tree and vine crowns visible in oblique view. The camera view at 

ATTO covers about four hectares of useable forest area with ~267 upper canopy tree and 

vine crowns. We analyzed images (restricted to local noon +/- one hour, overcast sky 

conditions, and a +/- 10% range of reflected radiance) from December 2011 to November 

2013 at k34, and from July 2013 to June 2014 at ATTO. 

 Satellite-based phenology from MODIS Enhanced Vegetation Index (MAIAC EVI). 

MODIS EVI is a landscape-scale vegetation index of canopy “greenness” (7, 39), which 

correlates with ground eddy flux-based photosynthesis estimates in multiple biomes (7, 
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40-42). Because clouds, aerosols and sun-sensor geometry may contribute to error and 

bias in MODIS EVI (5, 43, 44), we used the latest EVI product, the Multi-Angle 

Implementation of Atmospheric Correction algorithm (MAIAC) (21), which incorporates 

a new Bidirectional Reflectance Distribution Function (BRDF) (corrected to nadir view 

and 45 sun angle) and strict atmospheric corrections for clouds and aerosols. We extracted 

the BRDF-corrected MAIAC EVI (17) (2002-2012) from relevant 3km×3km tiles for all 

four eddy tower sites. The eddy covariance derived photosynthetic flux footprint is 

~1km×1 km.  

 Leaf-level gas exchange as a function of leaf age. We derived photosynthetic parameters 

for individual leaves of different ages at k67 from leaf gas exchange measured with a 

portable system (LI-6400XT, Li-Cor Biosciences, Lincoln, NE), during the dry season 

in 2012 and 2013. For this analysis, we focused on five canopy trees (Table S3). These 

trees represent abundant species that account for 24% of the local basal area (45). 

Branch samples in sun and shade environments (when possible) were harvested 

approximately monthly by climbers. We then re-cut branches under water (within 15 

minutes of harvest) prior to measurement. Cumulatively, we measured gas exchange of 

2-11 leaves per age class per branch, holding leaves at 31±2 oC and 42%±20% relative 

humidity under saturating photosynthetic photon flux density (PPFD) (estimated from a 

prior test for each tree).  We derived Vcmax from ACi curves measured across ~12 [CO2] 

levels spanning 50 to 2000 ppm and adjusted Vcmax to 25 oC (46). Leaves were classified 

into age ‘classes’ (Young, Mature, and Old) based on visual assessment of color, size, 
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rigidity, and bud scars (when present), confirmed by leaf tagging and associated 

photographic imaging of leaves at known ages.   

3. Seasonality of GPP, Climate, and Ecosystem Photosynthetic Capacity (PC).  

Hourly GPP and other eddy covariance-derived metrics (i.e., Photosynthetically Active Radiation 

(PAR), vapor pressure deficit (VPD), air temperature (Ta), and diffuse light condition measured 

as a cloudiness index (CI) (section 4)) were aggregated to daily intervals. Daily composite metrics 

with >=9 hours daytime effective observations were then averaged monthly (Fig. 1). The average 

annual cycle of satellite-based rainfall (TMPA; section 2, above) was derived from monthly 

composited data from 1998-2013 (Fig. 1). 

 

We derived ecosystem photosynthetic capacity (PC) by averaging the ratio between eddy flux GPP 

and PAR under a fixed narrow range of reference climatic conditions. PC thus estimates the moles 

of carbon per mole of incoming light that would be photosynthetically fixed under the reference 

conditions. It is a robust estimate of the emergent photosynthetic infrastructure of the whole forest 

canopy, and independent of key climatic variables and of seasonal changes in solar zenith angle 

(SZA; Fig. S2). The reference climatic conditions were those defined by fixed narrow bins -- in 

PAR, VPD, Ta and CI-- around the annual mean of different SZA values (±5º) (Table S1). This 

extends previous approaches of estimating PC (14, 31) by using additional environmental variables 

beyond PAR to define the reference condition, giving a more stable estimate of PC.  Monthly PC 

and 95% confidence intervals were calculated if there were more than 10 observations in the 

reference conditions.  
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4. Cloudiness Index (CI). 

We measured light quality with a cloudiness index (CI):  

                                                                 (Eq 2) 

where PARobs comes from tower–based PAR sensors installed above canopy, and expected clear-

sky PAR (PARtheo) at local elevation was estimated using an established model (47) (similar to 

other approaches (48-50), driven by the SZA, which was modeled based on geolocation, date, and 

time of day (51). CI values, ranging from 0.1 (direct sun) to 0.8 (for full diffuse conditions), are 

influenced by clouds, aerosols, and precipitation.  

 

5. Near-surface Image Analyses  

We analyzed images from phenocams mounted on towers at three sites that spanned the central 

Amazonian precipitation gradient (k67, ATTO, and k34) (Figs. S4, S6, S7). We adapted the 

methods which were recently applied to ATTO site (11). For all sites, we carefully selected camera 

images taken near local noon (or 9 am to 3 pm, at k67) under an overcast sky to minimize artifacts 

of changes in color balance, shadow area (that might arise, for example, from changing solar zenith 

angle), composition of forward vs backscatter illumination (25, 52).  

5.1 Crown-based inventories  

We used a crown-based approach (11) that divided each image into discrete regions of 

interest (ROI) that corresponded to individual tree crowns, each of which was followed over time 

in inventories of successive images. In each inventory, each crown was visually classified into one 

of three phenophases:  “leaf flushing” (crowns which showed a large abrupt greening), “leaf 

1 obs

theo

PAR
CI

PAR
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abscising” (crowns which showed large abrupt greying—the color for exposed woody 

components), or “no change”.  

 

5.2 Short dry season sites (k34, near Manaus, and ATTO, between Manaus and Santarem):  

We applied the crown-based inventory method to the identical RGB cameras at k34 and 

ATTO.  A total of 53 tree and vine crowns were identified in the image footprint at k34 (Fig. S6a). 

At the ATTO site, where tower was taller, we identified 267 individual tree crowns (25). 

The number of crowns in each of the three phenophases was visually tallied in six-day 

intervals.  In each interval, we calculated the “green crown fraction” as the fraction of crowns that 

showed either flushing leaves or no change from a previously green state (equivalent to one minus 

the fraction showing abruptly senescing leaves or bare branches) (Fig. S6b).  

 

5.3 Long dry season site (k67, near Santarem):  

We selected 478 Tetracam images taken under an overcast sky and spread over 24 months 

(01/11/2010 to 12/31/2011) at k67. We applied an iterative spatial registration (53) of each selected 

image to align pixels with a reference image.  

          As at ATTO and k34, we used the similar crown-based inventory approach. Sixty-five tree 

crowns were identified (Fig. S4d). We then visually assessed each crown’s phenophases and 

calculated the “green crown fraction” in 6-day intervals. Additionally, we applied an automatic 

method for extracting seasonal change in leaf amount in the upper forest canopy at k67. This was 

possible due to the Tetracam having a near-infrared channel, providing direct sensitivity to leaf 

biomass. For this, we developed a quantitative phenology algorithm based on the principal 
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components analysis (PCA) of the green, red and near infrared band space. We found that the 

second PC axis (PCA2) describes a gradient from leafy to woody pixels (Fig. S4c). To compensate 

for temporal drift in the PCA2 threshold that identified pixels as “woody” (which changes through 

time due to changing composition of leaf colors), we used reference marker regions that had a 

constant amount of visible woody branches over time (Fig. S4c). We then adjusted the PCA2 

threshold of each image to maintain constant the amount of woody material detected in these stable 

reference regions. We then applied the (time-dependent) PCA2 threshold to each image to estimate 

the fraction of leafy and woody area. 

 A cross comparison at k67, between the leaf phenology extracted from crown inventories 

of phenophases and from the automated estimate of image-wide leaf area using PCA2 thresholds, 

showed high comparability between the two methods, with significant dry season increases in 

canopy greenness (Fig. S4e).    

 

6. LAI, litterfall, and leaf-flush dynamics 

 We derived a time series of camera-based LAI from the observed fidelity (R2=0.86) 

between monthly camera-derived green crown fraction (section 5, above) and long-term monthly 

ground-based surveys of LAI by conventional methods (using an LAI-2000; section 2, above) at 

the k67 site (Fig. S5). We applied the parameterized relationship to estimate camera-based LAI at 

k34 site, by using the local camera-derived green crown fraction (Fig. S6b; section 5).  

 Despite weaker seasonal variation (about 10% of the mean green crown fraction) in the 

upper portion of the canopy viewable by cameras than in the whole-profile of LAI variation (about 

20% of mean LAI) (Fig. S5), camera images were nonetheless able to accurately capture dynamics 
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of LAI measured throughout the canopy. Evidently, upper canopy and whole-canopy LAI 

dynamics were well-coordinated, at least within the error of the measurements of these two 

approaches. Our leaf demography-ontogeny mode (section 8, below) was insensitive to whether 

we used ground-based or camera-based derivations of LAI. 

We converted observations of mass-based foliage litterfall (Mg biomass/mo/ha) into area-

based litterfall LAI (m2/m2 per month), as Litterfall LAI = Litterfall / SLA, applying a mean 

specific leaf area (SLA) of 0.816 ha/Mg biomass (previously reported from a location 16 km away 

from the k67 site (54)). We applied the same SLA value to the k34 site, based on the results of a 

previous study in which leaf mass per area (LMA, an inverse of SLA) showed little variation with 

MAP across tropical moist forest sites (55). 

We estimated new leaf LAI production (in m2/m2/mo, reported in Fig. 2e,f) from dLAI/dt 

+ litterfall LAI, where dLAI/dt is the average LAI change in the two months centered around each 

camera-derived LAI. 

 

7. Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) Calculation 

In earth system models, leaf quantity (i.e. LAI) primarily influences photosynthesis through the 

fraction of photosynthetically active radiation (FAPAR) absorbed by leaves. We used a simple 

LAI-FAPAR relationship (Eq. 3), based on the Beer-Lambert law, to estimate FAPAR (11, 56, 

57): 

                                 (Eq 3) 1 2

0.5
(1 ) (1 ) exp( )

cos( )

LAI
FAPAR

SZA
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where 1 and 2  are the reflectivity at the canopy top and bottom respectively, and -0.5 is the light 

extinction coefficient (11). Coefficients 1 = 0.05 and 𝜌2 = 0 were set to fixed values according to 

field measurements at k67 (6). We derived FAPAR from camera-estimates of LAI (Fig. 2a,b) by 

using Eq. 3 and setting SZA=0º. We estimated the sensitivity of the seasonal cycle in FAPAR to 

varying SZA (from 0º to 80º) (Fig. S9). To quantify the effects of seasonal variation in daylength 

on FAPAR, we calculated the “daytime average” FAPAR based on 1-minute intervals over the 

diurnal period, as presented in Fig. S9 (pink line). Our results suggest that regardless of various 

SZA scenarios considered, the magnitude of annual change in FAPAR is quite small (<3%), due 

to a very high value of LAI at this forest site.  

 

8. Leaf demography-ontogeny model. 

We simulated the demographic dynamics of LAI in a “leaf demography-ontogeny model” (see Eq. 

4-6). The model was built around three LAI age classes (LAIY, LAIM, LAIO, of Y=young, M= 

mature, and O=old leaves, Fig. 3a), constrained by observations of:  (1) new leaf production LAI 

(or Flush (unit: LAI/month) in Eq. 4; Fig. 2e,f) (which flows into the LAIY class), (2) litterfall LAI 

(or Litterfall (unit: LAI/month) in Eq. 6; Fig. 2e,f) (which is removed from the LAIO class), and 

(3) observed total LAI (which constrains the sum LAIY+LAIM+LAIO; Fig. 2a,b).  Two time 

constants, Y->M and M->O (units of months), describe the leaf residence time in young and mature 

LAI classes respectively.  

                                                        (Eq 4) 
Y Y

Y M

dLAI LAI
Flush

dt  
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                                                        (Eq 5) 

                                                    (Eq 6) 

The model then simulates ecosystem PC by incorporating the age classes (LAIx’s) and associated 

age-dependent light-use efficiencies (a’s) into a classic LUE-FAPAR model framework (58-60), 

across the three age classes (same as Fig. 3a Eq. 1): 

                               (Eq 7) 

Ecosystem PC is thus the product of this ecosystem-scale, demographically mediated LUE (the 

multi-term fraction multiplying FAPAR on the right-hand side of Eqn 7) and observed FAPAR, 

the fraction of PAR absorbed by vegetation canopy (section 7).   

 

We first fit the model to data from the k67 site.  A genetic algorithm (61) and bootstrapping (62) 

(leaving 2 out among total 12 monthly observations of PC) was used to fit the five free parameters 

(the two demographic parameters Y->M, M->O, and the three ontogenetic parameters aY, aM, aO), 

by optimizing the Euclidean distance between modeled and observed monthly PC over the 12 

months of the year, driven by monthly values of LAI (Fig. 2a, b), new leaf LAI production (Fig. 

2e,f), litterfall LAI (Fig. 2e,f), and FAPAR (Fig. 2a,b). Optimization results are shown in Fig. 3b, 

along with the modeled demographic partitioning (Fig. 3c), and model statistics are shown in Table 

S4. 

We validated demographic modeling results at k67 by comparison to long-term 

observations of new leaf production (17) (% crowns with new leaves; Fig. 4a). The average 

M Y M

Y M M O

dLAI LAI LAI

dt   

 

O M

M O

dLAI LAI
Litterfall

dt  

 

(a LAI a LAI a LAI )Y Y M M O O

Y M O

PC FAPAR
LAI LAI LAI
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duration of observed new leaves at crown level was between 4 and 5 months (Fig. 4a), so we 

compared observations to comparably-aged modeled leaves (those with age  4 months). The 

result of this validation is shown in Fig. 4a (R2=0.96 and p<10-5).  

We validated modeled physiology coefficients (aY, aM, and aO) at k67 by using the field 

observation of leaf-scale photosynthetic capacity (section 9). The result is shown in Fig. 4b, with 

the modeled uncertainty deriving from bootstrapping analysis. 

We then ran the model at the k34 site, driving it with local observations (camera-derived 

LAI and ground based litterfall LAI) (Fig. 2b,f), but using the same parameters for demography 

and ontogeny fit at k67 (Fig. 3c). The results (Fig. 3d,e) demonstrate that the modeled ecosystem 

PC agreed closely with eddy covariance derived GEP and PC at the same site, providing an 

independent confirmation of model accuracy. 

 

9. Ground based leaf level photosynthetic capacity. 

In order to test predictions of the “leaf demography-ontogeny model’ (section 8, above), we 

derived the maximum carboxylation rate of Rubisco (Vcmax) (a measure of leaf level photosynthetic 

capacity) for the leaves measured for gas-exchange (section 2, above). We fit assimilation versus 

mesophyll CO2 concentration (A/Cc) data to Farquhar’s photosynthesis model (63) using 

established R code (64), normalizing to a reference leaf temperature of 25oC with the standard 

approach (46, 65). Prior to curve fitting, quality control for gas exchange measurements was 

applied to exclude values associated with instrument error and other likely outliers. A total of 75 

leaf level gas exchange measurements with the fitted parameters passed our quality control. The 

fitted Vcmax for each age class of each species and light environment combination was then 
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averaged across all the measurements. Species x light environment averages were then box-plotted 

by leaf age (young, mature and old categories), and reported in Fig. 4b. 

 

10. Controls on diel photosynthetic flux (GPP) 

To explore the roles of climate and biology on GPP across different temporal scales (diel and 

seasonal), we investigated the diel cycles of GPP and PAR in the months of July and November 

separately (Fig. S3). We fit a Michaelis-Menten function (31) to GPP as a function of PAR (Eq. 

8). 

                                                   (Eq 8) 

where Amax is the maximum photosynthetic rate, and PAR0 is the Michaelis-Menten constant, the 

PAR level of the half-maximal photosynthetic rate.  

 

We incorporated PC·PARref and developed a modified Michaelis-Menten function (Eq. 9) to 

describe the joint effect of biology (PC) and environment (PAR) on GEP:   

                                 (Eq 9) 

where PARref is the reference PAR for deriving PC, dPC equals to November PC·PARref –July 

PC·PARref, and a1 is a measure of dPC effect on photosynthesis.  

 

max
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A PAR
GPP

PAR PAR
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The results of diurnal patterns of GPP, PC, and PAR, and the empirical fitting of diurnal PAR 

and PC to diurnal GPP, using Eq. 8 and Eq. 9, were shown in Fig. S3, for all four eddy 

covariance sites (k67, k34, CAX and RJA). 

 

11. Comparison between EVI and PC 

We compared average annual cycles of BRDF-corrected MAIAC EVI to eddy flux derived PC at 

the tower sites (Fig. S8). As at our core sites k67 and k34 (Fig. 2a-d), we found that EVI at all sites 

had significantly lower amplitude and was shifted in phase by 1-2 months relative to PC observed 

from eddy flux towers: Fig. 8 shows the amplification factors and lags (EVI-fit = amplification 

factor*lagged (observed EVI)) which maximize the correlation between EVI and tower observed 

PC.  The mismatch between EVI and observed PC (as quantified by the amplification factors and 

lags in Fig. S8) was consistent with the effect of “demographic amplification” directly observed 

at k67 and k34, suggesting that accounting for the demography and ontogeny of leaves in forest 

canopies could likely reconcile discrepancies between EVI and tower observed PC.   
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Supplementary Figures (Fig. S1-S9) 

Figure S1. Location of sites in the Amazon basin, including four eddy flux tower sites in red 

triangles (RJA and CAX) and red circles (k34 and k67 with also phenocam) and one phenocam 

site in purple star (ATTO). The black line indicates the boundary of the Amazon basin. The 

background is a map of dry season length (in months; see color legend), which is derived from 

satellite TRMM data from 1998 to 2013.   
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Figure S2. Average annual cycle of normalized PC (PC/PCmax) at the k67 site (2002-2005 and 

2009-2011), within different solar zenith angle (SZA) bins. AM: morning; PM: afternoon.  

 

 

 

 

 

 

 

 

 



 

 71 

Figure S3. Controls on diel GPP. Left panels (a, c, e, g) show average diel cycle of GPP in July 

and November, and its relation to diel PAR, and to realized ecosystem photosynthetic capacity 

(PC·PARref, where PARref is the reference PAR used for deriving PC, Methods).  Diel PC is 

constant and hence has zero correlation with diel GPP within months; right panels (b, d, f, h) show 

GPP versus PAR in July and November, with Michaelis-Menten fit to PAR without (orange lines) 

and with PC (green lines) included in the model (Methods), suggesting that increasing PC between 

July and November accounts for the increase in diel GPP amplitude, despite unchanging diel PAR 

amplitude. Observations from k67 eddy tower (2002-2005 and 2009-2011), k34 eddy tower (1999 

to 2006), CAX eddy tower (1999 to 2004) and RJA (1999 to 2002). 
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Figure S4. Automatic and manual approaches for extracting seasonal change in leaf amount in the 

upper forest canopy: (a) An example of a Tetracam ADC image (false color, NIR-Red-Green 

composite) of the forest landscape at the k67 site; (b) small window containing a consistently 

visible woody component across the whole year; (c) PC2 of the principal components transformed 

3-band image, which shows the ultimate binary categorization of the image into leafy/woody 

fractions. Using this small window with constant wood amount in each image in the time series, 

the PCA2 threshold was adjusted to form a binary image separating the correct amount of wood. 

This date-specific threshold was then used to measure wood amount across the remainder of the 

image. The process was repeated for each image in the time series; (d) Regions of Interest (ROI) 

mask for 65 tree crowns within the tower-mounted camera image; (e) 2-year time series of camera-

derived leaf fraction (=100%-wood fraction) from automatic image classification approach and 

camera-derived green crown fraction (=1-fraction of tree crowns dominated by bare branches) 

through manual assessment. The seasonal phenologies extracted by both methods are well 

correlated (R2=0.54, p<10-5). Confidence intervals are 95%. Greyed months are local dry season. 
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Figure S5. (a) Average seasonal cycle of vegetation phenology metrics (scaled so that a given 

fractional increase is the same magnitude across metrics, relative to their annual minima) at the 

k67 site, including ground-based LAI17 (2000-2005) in red squares, satellite based landscape 

greenness index MAIAC EVI (2002-2012; with rigorous correction for changes in cloud/aerosol 

quality and for sun-angle artifacts) in dark green triangles, tower-mounted camera derivation of 

leaf fraction (2010-2011; Methods) in blue stars, and tower-mounted camera derivation of fraction 

of green crowns among all 65 crowns in the image landscape (green crown fraction; 2010-2011; 

Methods); (b) camera-derived green crown fraction plotted against ground-collected LAI; (c) 

camera-derived green crown fraction plotted against camera-derived leaf fraction; (d) camera-

derived green crown fraction plotted against MAIAC EVI. 
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Figure S6. Mmanual approach for extracting seasonal change in leaf amount of the upper forest 

canopy at the k34 site: (a) Regions of Interest (ROI) mask for 53 tree crowns within the tower-

mounted camera image; (b) 2-year time series (Dec. 2011-Nov. 2013) of camera-derived green 

crown fraction (=100%-fraction of tree crowns dominated by bare branches) through manual 

assessment, and mean seasonality of satellite-based MAIAC EVI at k34 site (2002-2012; with 

rigorously correction for changes in cloud/aerosol quality and for sun-angle artifacts).  
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Figure S7. Tower-mounted camera-derived mean leaf flushing seasonality (% of individuals with 

new leaves) for upper canopy trees at three Amazonian evergreen forest sites: k67 (MAP=2022 

mm/yr; red rectangles; 49.2% individuals flushing leaves across annual cycle; 33.1% individuals 

flushing leaves during five driest months), k34 (MAP=2671 mm/yr; green rectangles; 67.0% 

individuals flushing leaves across annual cycles; 38.7% of individuals leaves during five driest 

months), and ATTO (MAP=2370 mm/yr; blue rectangles; 79.4% individuals flushing leaves 

across annual cycles; 52.1% of individuals leaves during five driest months). Camera data at k67 

(Jan. 2010-Dec.2011), at k34 (Dec. 2011-Nov. 2013), and at ATTO (Jul. 2013-Jun. 2014). 
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Figure S8. Average seasonal change of PC (black squares), MAIAC EVI (green circles) and EVI-

fit (orange dash; derived from MAIAC EVI), all shown relative to their respective annual minima 

(= 1.0) at four evergreen forest sites in the Brazilian Amazon: (a) k67, (b) k34, (c) CAX and (d) 

RJA. MAIAC EVI, adjusted by the indicated (best) time lag and multiplied by the indicated 

amplification factor (from the regression) gives EVI-fit (Methods). At all sites MAIAC EVI 

includes data from 2002-2012. Confidence intervals are 95%. Greyed months are local dry season. 
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Figure S9. Leaf area index (LAI) and solar zenith angle (SZA) dependent modeled FAPAR 

seasonality under different SZA scenarios at the k67 site, driven by camera-derived LAI 

seasonality (Fig. 2a). 
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Supplementary Tables (Table S1-S4) 

Table S1. Reference climate conditions of each SZA scenario for deriving PC seasonality (Fig. 

S2). AM: morning; PM: afternoon. Observations from the k67 eddy tower, encompassing 2002-

2005 and 2009-2011. 

Scenarios Cloudiness PAR (umol/m2/s) Air-Temperature (oC) VPD (Pa) 

Whole Day 0.401 1320 27.7 874 

20o≤SZA≤30o, AM 0.415 1320 27.5 819 

30o≤SZA≤40o, AM 0.446 1167 26.9 669 

40o≤SZA≤50o, AM 0.446 1027 26.3 534 

60o≤SZA, AM 0.597 332 24.2 193 

20o≤SZA≤30o, PM 0.422 1303 28.4 1032 

30o≤SZA≤40o, PM 0.419 1209 29.1 1190 

40o≤SZA≤50o, PM 0.448 989 29.0 1124 
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Table S2. Pair-wise correlations between GPP seasonality and its candidate explanatory variables, 

including the phenological metric of eddy flux-derived ecosystem photosynthetic capacity (PC) 

(far left column), and key climate variables— PAR, Rainfall, Ta, VPD, and cloudiness index (CI), 

across four Amazonian eddy covariance tower sites.  Correlations are measured by R2 (percent of 

variance explained) and p (significance level). With 25 simultaneous statistical tests conducted 

among driver variable-site combinations, the Bonferroni corrected p-value for achieving 

significance at the a=0.05 level given 25 tests is 0.05/25 = 0.002. No climate drivers are significant 

at this level, but all sites show significant correlation between GPP and PC. 

Site GPP-PC GPP-PAR GPP-Rainfall GPP-Ta GPP-VPD GPP-CI 

K67 (R2=0.90, p<10-5) (R2=0.10, p=0.32) (R2=0.14, p=0.23) (R2=0.02, p=0.67) (R2=0.02, p=0.68) (R2=0.28, p=0.08) 

K34 (R2=0.94, p<10-5) (R2=0.25, p=0.10) (R2=0.33, p=0.05) (R2=0.11, p=0.30) (R2=0.27, p=0.08) (R2=0.43, p=0.02) 

CAX (R2=0.82, p=7.4*10-4) (R2=0.16, p=0.29) (R2=0.35, p=0.10) (R2=0.17, p=0.27) (R2=0.08, p=0.47) (R2=0.15, p=0.30) 

RJA (R2=0.92, p=1.0*10-5) (R2=0.33 p=0.08) (R2=0.67, p=0.04) (R2=0.16, p=0.26) (R2=0.68, p=0.003) (R2=0.57, p=0.01) 
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Table S3. Individual trees for leaf gas exchange measurements in 2012 and 2013 fall phenology 

campaign. Species represented by these individuals account for 23.7% of basal area of vegetative 

community at the k67 site. 

Canopy 

types 

Scientific Name Family DBH.2011 

(cm) 

Max Canopy 

Height (m) 

Basal Area 

abundance 

Canopy 

tree 

Erisma uncinatum Vochysiaceae 148.1 
 

40 10.1% 

Canopy 

tree 

Chamaecrista scleroxylon 

(Ducke) H.S.Irwin & 

BarnebyChamaecrista 

xinguensis 

Leguminosae-

Caesalpinioideae 

46.5 27 4.47% 

Canopy 

tree 

Manilkara huberi (Ducke) 

A.Chev. 

Sapotaceae 91.2 37 6.54% 

Canopy 

tree 

Tachigali eriopetala (Ducke) 

L.G.Silva & H.C.Lima 

Leguminosae-

Caesalpinioideae 

74.2 
 

44 1.55% 

Canopy 

tree 

Ocotea sp. Lauraceae 72.4 38 1.06% 
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Table S4. Leaf demography-ontogeny model and model statistics (Fig. 3a). 

Category Variables (all on a monthly basis) 

 

Measured/ 

Inferred 

 

Ground based LAI  (constrains the sum of LAIY+LAIM+LAIO) 

Ground based Litterfall LAI  (mass-based Litterfall/SLA) 

New leaf LAI production (LAIt+1-LAIt-1)/2+Litterfall LAI; where t=1,…,12 

FAPAR (estimated from ground based LAI using Eq. 7) 

PC_observed (derived from eddy covariance measurements) 

 

Simulated 

Leaf demography: LAIY, LAIM, and LAIO 

PC_simulated: the modeled PC by using leaf demography-ontogeny model 

5 Fitted parameters  Two Demography parameters (units: month): τY->M =2 and τM->O =3. 

Three Ontogenetic parameters (units: mol CO2/mol photon):  

aY=8.8×10-3±2.5×10-3, aM=33.9×10-3±1.1×10-3, and aO=21.0×10-3±0.4×10-3 
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APPENDIX B: PARTITIONING THE EXTRINSIC AND INTRINSIC CONTROLS ON 

GROSS PRIMARY PRODUCTIVITY AT HOURLY TO INTERANNUAL TIME SCALES IN 

AN AMAZONIAN EVERGREEN FOREST 

 

Paper was prepared to submit to Global Change Biology 
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Abstract  

Gross primary productivity (GPP) in tropical forests varies with both extrinsic environment and 

genetically-defined intrinsic constraints, but our understanding of the effect of these factors across 

time scales is limited. Here, we used a statistical model to partition the variability of 7-year eddy 

covariance-derived GPP in a central Amazon evergreen forest into two main causes: variation due 

to changes in environmental drivers (e.g. solar radiation, diffuse light fraction, and vapor pressure 

deficit) interacting with model parameters that govern photosynthetic behavior, and variation in 

photosynthetic capacity (PC) due to changes in the parameters themselves. Our fitted model well-

predicted variability in eddy covariance-derived GPP at hourly (R2=0.71) to interannaul (R2=0.81) 

timescales. Attributing model predictions to causal factors at different timescales, we found that 

~92% of the variability in modeled hourly GPP could be attributed to environmental driver 

variability, and ~5% to variability in PC. When aggregating the modeled GPP into the annual time-

step, the attribution was reversed (only ~4% to environment and ~91% to PC). These results 

challenge conventional approaches for modeling evergreen forests, which neglect intrinsic controls 

on PC and assume that the primary photosynthetic control at both long and short timescales is due 

to changes in the hourly-to-diurnal environment on the physiological phenotype. This analysis 

helps resolve long-running debates about tropical forest function, including that about which 

resources, water or light, regulate the seasonality of GPP. We found that at this site, PC increased 

during higher sunlight dry seasons (consistent with light but not water limitation of leaf growth 

and development), but also that dry season realized GPP, relative to its capacity, was lower than 

during wet seasons (consistent with limitation of photosynthetic physiology by water availability). 

This work highlights the importance of accounting for differential regulation of different 
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components of GPP at different timescales, and of identifying the underlying feedbacks and 

adaptive mechanisms which regulate them.   
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1. Introduction  

The Amazon basin stores half of total global tropical forest biomass (Saatchi et al., 2011), harbors 

vegetation that substantially influences large-scale carbon and water budgets (Phillips et al., 2009; 

Lee & Boyce, 2010; Fu et al., 2013), and exchanges mass and energy with the atmosphere in ways 

that that may amplify or mute climate change (Bonan, 2008; Lee & Boyce, 2010; Fu et al., 2013). 

A majority of the climate model projections from the Coupled Model Intercomparison Project 

Phase 5 (CMIP 5) showed a drier and warmer future for the southern Amazon region with an 

increased dry season length (Diffenbaugh & Field, 2013; Fu et al., 2013; Joetzjer et al., 2013). 

However, confidence in model predictions is limited by the need for validation of key model 

mechanisms (Saleska et al., 2007; Phillips et al., 2009; Powell et al., 2013; Lee et al., 2013; 

Huntingford et al., 2013).  

       Seasonal and multiyear datasets of eddy covariance (EC) derived fluxes of carbon, water, and 

energy have become an increasingly powerful tool to address the causes of variability in ecosystem 

CO2 flux in tropical evergreen forests across different timescales, and to investigate questions of 

which resources limit metabolism (von Randow et al., 2013; Restrepo-Coupe et al., 2013; Zeri et 

al., 2014). To date, however, most EC-based studies in the tropics have focused on the variation 

in GPP in response to short-term variation in meteorological drivers, including solar radiation and 

diffuse light fraction (Graham et al., 2003; Goulden et al., 2004; Hutyra et al., 2007; Oliveira et 

al. 2007; Cirino et al., 2014), air temperature (Ta; Doughty & Goulden, 2008a), and interactions 

among Ta, vapor pressure deficit (VPD), and atmospheric CO2 concentration (Lloyd & Farquhar, 

2008). Neglected in these analyses is to account for covariation among these drivers, and, 

critically, the longer-term interactions between variation in these drivers and the intrinsic processes 
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in plants and communities that control seasonal phenological shifts in the entire ecosystem. For 

example, seasonal patterns of leaf mortality and emergence, expression of photosynthetic capacity 

per unit leaf area, and differences in these factors among species in the community, all have the 

potential to explain variation in ecosystem GPP at time scales of weeks-to-years. 

Accurate inference of environmental sensitivity of tropical forest photosynthesis thus 

requires a holistic approach which explicitly accounts for these covariations and which considers 

different effects at different timescales. Here we take such a holistic approach, in which variations 

in GPP are conceptualized as driven jointly by two main causes: the shorter-term variation in 

environmental drivers (solar radiation, diffuse light fraction, Ta, and VPD), which has formed the 

traditional approach to explaining change in GPP, and variation in the longer-term, intrinsic, biotic 

responses driven by ecosystem ecology (i.e. community-scale changes in leaf area index, leaf 

nitrogen content and the related leaf photosynthetic capacity per area) (Baldocchi & Amthor, 2001; 

Gu et al., 2003a; Goulden et al., 2004; Richardson et al., 2007; Xia et al., 2015; Wu et al., in 

review). We recognize that variation in environmental drivers affects both the long- and short-term 

processes, but the engagement of intrinsic factors that influence expression of leaf turnover rates, 

and allocation of resources to photosynthetic potential, operate only at the longer (weekly-to-

annual) timescales. 

         As noted above, one of the most important contributions we can provide with this new 

emphasis on partitioning controls across multiple timescales is to overcome past naiveties about 

the constancy of phenology and its lack of influence on GPP in tropical evergreen forests. 

However, accurate partitioning of the causes of tropical GPP variability may also lead to resolution 

of longstanding debates in tropical ecology. We focus here on two key debates about tropical forest 
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function to provide a context for our approach: First, is the question of whether light or water 

resources are more limiting to tropical forest metabolism. Most modeling studies have represented 

tropical systems as water-limited, simulating dry season declines in ecosystem-scale GPP and 

evapotranspiration (Werth & Avissar, 2004; Lee et al., 2005; Christoffersen et al., 2014). By 

contrast, many in situ and satellite studies show dry season increases in GPP or evapotranspiration 

in Amazon forests (Shuttleworth, 1988; Saleska et al., 2003; Restrepo-Coupe et al., 2013; Huete 

et al., 2006), but these findings remain controversial (Morton et al., 2014; Bi et al., 2015).   

 The second debate is about whether tropical forests are close to a high temperature 

threshold. Observational studies report declines in forest productivity and CO2 uptake as 

temperatures increase toward the upper end of the range seen under current climates, and conclude 

that tropical forests operate close to a high temperature limit that may easily be exceeded under 

climate change (Clark, 2004; Doughty & Goulden, 2008a; Clark et al., 2013; Cavaleri et al., 2015), 

others argue that in situ studies of forest response to high temperature are more likely responses to 

correlated increases in VPD (Lloyd and Farquhar, 2008). High VPD typically induced stomatal 

closure in leaves that causes GPP and evapotranspiration decline, but this is not a direct 

temperature response, and may be ameliorated by higher future CO2 concentrations under climate 

change (Ainsworth & Long, 2005; Lewis et al., 2009).      

         In order to address these questions, and to explore more broadly how multiple environmental 

and biotic drivers independently and jointly control tropical forest GPP, we developed a general 

approach for partitioning the variability of GPP between environmental drivers and their biotic 

responses, and across different timescales. We used a seven-year dataset of EC measurements from 

a central-eastern Amazonian evergreen forest in Brazil (Hutyra et al., 2007; Restrepo-Coupe et al., 
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2013; Longo, 2014). Our overall strategy was to first apply the approach of Wu et al. (in review) 

to derive an estimate of the photosynthetic capacity (PC) of the forest at monthly timescales that 

represented the longer-term, and mostly intrinsically-determined, biological capacity to respond 

to environmental drivers. Normalizing GPP by PC within each month provided a metric that was 

sensitive to environmental drivers but was independent of changing photosynthetic capacity. We 

then used path analysis (Bassow & Bazzaz, 1998; Huxman et al., 2003) to statistically identify 

which environmental variables influenced GPP and PC-normalized GPP, and to quantify their 

relative importance. We used these results to develop a parsimonious, physiologically based light-

use efficiency model to represent forest GPP. Finally, we used Analysis of Variance (ANOVA) to 

partition the sums-of-squared variations in observed and modeled GPP across different timescales 

(Hui et al., 2003; Richardson et al., 2007) to determine the relative importance of environmental 

driver and biotic response in driving GPP at timescales ranging from hours to years. The whole 

analysis flow is shown in Fig. 1. 

 

2. Materials and Methods  

2.1 Site description 

This study was conducted at the Tapajos National Forest, k67 eddy covariance tower site 

(54o58’W, 2o51’S), near Santarem, Para, Brazil. It is an evergreen tropical forest on a well-drained 

clay-soil plateau, with a mean upper canopy height of ~40 m (Hutyra et al., 2007). Mean annual 

precipitation is ~2000 mm/year with a 5-month dry season (during which precipitation is less than 

100 mm/month) from approximately mid-July to mid-December. Additional local site information 

can be found in Hutyra et al (2007) and Restrepo-Coupe et al (2013).  
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2.2 Data and Methods 

2.2.1 Eddy covariance measurements  

The eddy covariance method was used to measure the CO2 exchange between forest and the 

atmosphere from a 64-m high tower at the Tapajos k67 site (Saleska et al., 2003; Hutyra et al., 

2007; Restrepo-Coupe et al., 2013). Our tower dataset includes flux and meteorological 

measurements from January 2002 through December 2011, except for periods when operation was 

interrupted (most significantly, from January 2006 to August 2008, due to lighting damage). 

Detailed description of the instrumentation and of basic methods for processing the high frequency 

raw eddy flux data and aggregating it to hourly intervals are found in (Hutyra et al., 2007; 

Restrepo-Coupe et al., 2013; Longo, 2014). 

      Seven years of hourly eddy covariance observations (2002-2005 and 2009-2011) were used in 

this study. We performed systematic data quality control and outlier removal for the eddy 

covariance observations (Longo, 2014). Hourly GPP was estimated by separating hourly net 

ecosystem exchange (NEE, in µmol CO2/m
2/s, with fluxes to the atmosphere defined as positive) 

into two components: ecosystem respiration (Reco) and GPP, where GPP = Reco - NEE. Reco 

was approximated by the average of valid nighttime NEE during well-mixed periods (u* criterion: 

≥0.22 m/s; Hutyra et al., 2007), interpolated into the daytime following the approach in Restrepo-

Coupe et al (2013). Hourly GPP (µmol CO2/m
2/s) was then aggregated to daily steps (gC/m2/d) by 

summing up all the effective measurements (u* criterion: ≥0.22 m/s) within a day. Daily composite 

metrics with >=9 hours of valid daytime observations were then averaged monthly. 



 

 94 

      EC observations also included environmental drivers: photosynthetically active radiation 

(PAR), air temperature (Ta), vapor pressure deficit (VPD) (Saleska et al., 2003; Hutyra et al., 

2007; Longo, 2014), and, when available (from June 2004 to December 2005), diffuse and total 

PAR data, which were measured using a BF5 Sunshine Sensor mounted at the tower.  

      As diffuse light fraction (the ratio between diffuse and total PAR) can influence canopy-scale 

photosynthesis (Gu et al., 2002, 2003b; Oliveira et al., 2007; Mercado et al., 2009; Cirino et al., 

2014) but was only measured for a short portion of the eddy covariance record, we used a simple 

“Cloudiness Index” (acronym as “CI” hereafter) as a proxy of light quality:  

1 obs

theo

PAR
CI

PAR
                                                                  (1) 

where the observed PAR (PARobs) was obtained from the tower mounted PAR sensor, and the 

theoretical PAR (PARtheo) for clear-sky conditions at local elevation was estimated using an 

established model (Weiss & Norman, 1985). CI is a metric that is influenced by clouds, aerosols, 

and precipitation, also used by previous studies (Gu et al., 2002, 2003b; Oliveira et al., 2007; 

Cirino et al., 2014). CI was highly correlated with measured diffuse light fraction (Fig. S1c, 

R2=0.80, p<10-5), so we take it as a robust proxy of diffuse light fraction in our analysis, with 

observed values ranging from 0.1 (direct sun) to 0.8 (fully diffuse light).  

 

2.2.2 LAI measurements 

Leaf area index (LAI), the leaf quantity component of tropical vegetative phenology, influences 

ecosystem photosynthesis primarily by regulating the fraction of PAR absorbed by the forest 

canopy (FAPAR; Eq. 3 below). Monthly data of LAI used in this study was measured with an 
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LAI-2000 instrument (LICOR) (2001-2005; Brando et al., 2010) at 100 grid points within a one-

hectare control plot of the Seca-Floresta drought experiment, about 5 km from the km67 eddy 

covariance tower. A mean annual cycle of monthly LAI (measured from 2001 to 2005) was used 

for deriving a mean annual cycle of FAPAR (Fig. S2).   

 

2.2.3 Overview of LUE-based photosynthesis modeling 

      This study uses the LUE (Ԑ)-based framework for photosynthesis modeling (Eq. 2; Monteith, 

1972; Monteith & Moss, 1977): 

GPP PAR FAPAR                                                     (2) 

where Ԑ is the efficiency (mol CO2/mol photon) with which absorbed light is used in 

photosynthesis. The term FAPAR was described by a classic LAI-FAPAR relationship (Eq. 3; 

Doughty & Goulden, 2008b; Xiao et al., 2004)  

0.95 exp( )
cos( )

k LAI
FAPAR

SZA


                                         (3) 

where LAI is from ground observation (section 2.2.2; above), SZA is solar zenith angle, and 

k(=0.5) is the extinction coefficient. Ԑ was calculated by Eq. 4 (Javis, 1976; Field et al. 1995): 

0 ( )f Env                                                               (4) 

where Ԑ0 is the (potentially temporally variable) intrinsic LUE, which is related to internal leaf 

properties such as leaf nitrogen (Field, 1983) or leaf age (Wilson et al., 2001; Doughty & Goulden, 

2008b), and f(Env) represents the environmental stressors that constrain Ԑ (Javis, 1976; Field et 

al., 1995; Xiao et al., 2005; Mahadevan et al., 2008). The LUE-based photosynthesis model used 

here thus incorporates three kinds of control on vegetation photosynthesis: (1) light quantity 
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(PAR); (2) environmental variables other than PAR (via f(Env)); and (3) phenology, via LAI 

(which affects FAPAR) and leaf age and leaf photosynthetic capacity per area, which affects Ԑ0 .   

 

2.2.4 Data analysis 

2.2.4.1 Ecosystem photosynthetic capacity (PC) and GPP normalization for PC 

 To represent model parameters that govern photosynthetic behavior, we derived ecosystem 

photosynthetic capacity (PC) from eddy covariance GPP data by averaging the ratio of GPP and 

PAR under fixed reference environmental conditions at monthly interval (Wu et al., in review). 

The reference environmental conditions were taken as bins around the annual mean of daytime 

measurements (Table S1): PAR= 1320 ± 200µmol/m2/s, CI= 0.40 ± 0.1, VPD= 874 ± 200 Pa, and 

Ta= 27.7 ± 1ºC. PC thus estimates the moles of carbon per mole of incoming light that would be 

photosynthetically fixed by a given canopy under these reference conditions. Our derivation of PC 

extends previous analysis in the eddy covariance literature, which developed a measure of forest 

photosynthetic capacity by removing the influence of PAR on GPP seasonality (Hutyra et al., 

2007; Doughty & Goulden, 2008b; Restrepo-Coupe et al., 2013; Jones et al., 2014). The more 

constrained version of PC we used here also removes the potential influence of other important 

environmental variables (i.e. VPD, Ta, CI, and SZA). It is thus a more robust estimate of the 

photosynthetic infrastructure (or biotic factor) of the whole forest canopy, independent of key 

environmental variables we analyzed and of seasonal changes in SZA (Fig. S3).   

      We note that PC, interpreted in the context of the LUE modeling framework (Eq.2 and Eq.4), 

is proportional to Ԑ0×FAPAR. We used the derived 7-year monthly PC to normalize hourly raw 

GPP and LUE (assuming PC is constant within each month), aiming to separate the slowly 
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changing canopy photosynthetic infrastructure (represented by PC) from the influence of 

environmental drivers on photosynthesis processes (GPP and LUE):  

   
GPP

GPPnorm PC
PC

                                                             (5) 

LUE
LUEnorm PC

PC
                                                             (6) 

where PC  is the mean value of PC from 7-year monthly PC.  

 

2.2.4.2 Path analysis for environmental controls on photosynthesis 

Path analysis is similar to multiple regression approaches, and is especially useful when a priori 

causal or correlative information is known among variables (Li, 1975). It has been used to evaluate 

environmental controls on plant gas exchange in a temperate deciduous forest (Bassow & Bazzaz, 

1998) and a high-elevation subalpine forest (Huxman et al., 2003). In this study, we applied it in 

a tropical forest to investigate environmental controls on tropical forest photosynthesis. 

       Four environmental variables were considered in our path analysis, including PAR, VPD, CI, 

and Ta, due to their important roles in regulating tropical photosynthesis processes (Graham et al., 

2003; Goulden et al., 2004; Hutyra et al., 2007; Oliveira et al. 2007; Cirino et al., 2014; Doughty 

& Goulden, 2008a; Lloyd & Farquhar, 2008). We firstly designed the path structure for their 

correlations as follows: (1) atmospheric conditions (indicated by CI in this study) and SZA 

determine the above-canopy PAR, (2) PAR drives the air temperature (Ta), and (3) CI and Ta 

influence VPD. While other path structures may be conceptually feasible, our intent was not to 

explore the relative goodness-of-fit of different models, but instead to identify the primary 

interaction pattern among these environmental variables.  
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      We then designed two path diagrams to link the above path structures of environmental 

correlations to LUEnorm and GPPnorm (Eq. 5-6), respectively. According to Eq. 4 and Eq. 6, by 

removing the effect of Ԑ0×FAPAR on LUE, LUEnorm is proportional to the environmental 

response function f(Env). Likewise, according to Eq. 2 and Eq. 4, by removing the Ԑ0×FAPAR 

effect on GPP, GPPnorm is proportional to f(Env)*PAR. We applied a log transformation to 

LUEnorm to achieve the normality assumption for path analysis (Terborgh et al., 2014). All 

environmental variables were initially assumed to directly control LUEnorm (or GPPnorm). To 

derive the ultimate path diagram, we ran the path analysis multiple times, removing insignificant 

paths (p-value>0.05) on each iteration, until all remaining paths were statistically significant.     

      The thickness of the arrow, or path value (PV), in path analysis was derived from the 

standardized partial regression coefficients, representing the relative strength of a given 

relationship. Therefore, PV in our study allowed us to quantitatively compare the relative influence 

of various environmental variables on tropical photosynthesis. All the path diagrams in this study 

were solved with IBM SPSS AMOS 22 (Chicago, Ill., USA) software to solve our path diagram, 

by using full-information maximum-likelihood estimation.   

 

2.2.4.3 The LUE-based photosynthesis model  

Initially, we adopted the methods from previous studies, and described f(Env) as the product of 

scalar functions of PAR (Lscalar), VPD (Wscalar), Ta (Tscalar), and CI (CIscalar) (Javis, 1976; Field et 

al., 1995; Xiao et al., 2005; Mahadevan et al., 2008; Oliveira et al., 2007; Cirino et al., 2014).  

( ) scalar scalar scalar scalarf Env L W T CI   
      

                                    (7) 
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                                                         (8) 
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                                                          (9) 
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                                                  (10) 

 1scalar CICI k CI                                                                 (11) 

The coefficients in the scalar functions (Eq. 8 – Eq. 11) were: PAR0, which described the 

Michaelis-Menten constraint of PAR on photosynthesis (Mahadevan et al., 2008); kw, kT and kCI, 

defined as the strength of the environmental constraints from VPD, Ta and CI, respectively; and 

Topt, which is the optimal Ta for photosynthesis.  

      However, the default f(Env) (shown in Eq. 7) didn’t consider the fact of environmental 

correlations (Lloyd & Farquhar, 2008). To overcome this problem, we turned to the path analysis. 

Only those environmental drivers, which were significantly related with LUEnorm or GPPnorm 

in path analysis, were selected for defining f(Env), by retaining their scalar functions while setting 

the other scalar functions equal to 1.  We called it the reference LUE model. 

      We also derived a simplified version of the reference LUE model that accounts for 

environmental correlations, in order to simulate realistic environmental sensitivity of tropical 

photosynthesis. Specifically, we assumed that environmental variables followed their currently 

observed joint distribution (including correlations), and represented all environmental variables by 

a single proxy, CI (Table S2). As we varied the CI proxy for the sensitivity analysis of the 

simplified LUE model, all other environmental variables were allowed to vary in concert, 

according to their observed joint empirical correlations with CI. This simplification allowed us to 



 

 100 

explore how each environmental variable independently and jointly controls photosynthetic 

activity, and to perform a more environmentally realistic sensitivity analysis on GPP. 

 

2.2.4.4 Model runs and posterior analysis  

      To quantify the effects of both environmental drivers and model parameters that govern 

photosynthetic behavior (e.g. PC here) on modeled GPP, we ran our reference LUE model at 

hourly scale for the training dataset (Years 2003, 2005, 2009, and 2011), and validated the model 

using an independent dataset (Years 2002, 2004, and 2010). We optimized the model by 

minimizing the Euclidian distance between modeled and observed GPP, using 

“NonLinearModel.fit” (Holland & Welsch, 2007) in Matlab R2014a. After the optimization, we 

ran the LUE model with the fitted model parameters for full 7-year hourly measurements but with 

three different scenarios: (1) the full model (or “full”; forced by time-varying environmental 

drivers interacting with time-varying monthly PC); (2) only with environmental effects (or “Env”; 

forced only by time-varying environment drivers, assuming PC is constant for all the months); (3) 

only with biotic effects (or “PC”; forced only by time-varying PC, assuming environmental drivers 

are constant).  

 For the simulated GPP from each scenario, we aggregated the hourly GPP to the daily, 

monthly, and yearly, respectively. For each time-integrated GPP, we then applied the ANOVA 

analysis (Eq. 12 to 17) to partition the variance of the modeled GPP (full model, or “full”) into 

different causes (environmental drivers (or “Env”) vs. model parameters (or “PC”)), following the 

approach used by a similar study in a temperate deciduous forest (Richardson et al., 2007). At each 

of these periods of integration, the ANOVA was conducted on the integrated sums (mean-adjusted) 
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of modeled GPP. Analysis was conducted separately by, for example, each day, but then the sums 

of squares for each model scenario were added across all days, so that the proportion of the total 

variance accounted for by each scenario could be determined. Three ANOVA scenarios were 

specified as “full”, “Env”, and “PC”, respectively.  

2
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                                                     (17) 

where , , and  refer to the given time-integrated modeled GPP for the ith 

observation under the model scenarios of “full”, “Env”, and “PC” respectively,  is the mean 

of the “full” modeled GPP, N is the total number of observation under given integrated time, SST 

is the total sum of squares for the modeled GPP under “full” scenario,  is the total sum of 

squared error of modeled GPP between “full” and “Env” scenario,  is the total sum of 

squared error of modeled GPP between “full” and “PC” scenario, is the percent of “full” 

modeled GPP variability explained by environmental effect, is the percent of “full” modeled 

yi, full yi,Env yi,PC

y full
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GPP variability explained by biotic response (PC), and is the percent of “full” modeled GPP 

variability explained neither by “Env” nor by “PC”, which consists of both model error and the 

interaction term between “Env” and “PC”.  

 

2.2.4.5 Decoupling Ta and VPD effect on GPPnorm  

To assess the Ta and VPD effect on photosynthesis, we firstly applied PC-normalization to hourly 

GPP (or GPPnorm). We then filtered the full 7-year hourly GPPnorm dataset to focus only on 

those measurements with high light (PAR>1500 µmol photons m-2 s-1) to minimize PAR and CI 

effects on GPPnorm. After this treatment, we did two tests to assess the effects of VPD and Ta on 

GPPnorm respectively. Test 1—we binned GPPnorm into each Ta bin, with 1°C interval from 

25.5°C to 31.5°C, and then plotted GPPnorm against VPD under each controlled Ta. This analysis 

would allow us to explore VPD effect on GPPnorm, conditioned by longer-term biotic response 

and other environmental variables including PAR, CI, and Ta. Test 2—we binned GPPnorm into 

each VPD bin, with 100 pa interval from 250 pa to 2350 pa, and then plotted GPPnorm against Ta 

under each controlled VPD. This analysis would allow us to explore Ta effect on GPPnorm, 

conditioned by longer-term biotic response and other environmental variables including PAR, CI, 

and VPD.  

 

3. Results  

3.1 Relationships among environmental variables 

We found that the four environmental variables at our near-equatorial tropical forest site were 

highly correlated (Fig. 2; Fig. S4; Table S2). The path analysis (Fig. 3) revealed that: (1) PAR had 

Rres
2
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a significant positive effect on Ta (path value, PV=0.53, p<10-5), and (2) Ta had a significant 

positive effect on VPD (PV=0.86, p<10-5). In addition, there was a secondary path between CI and 

VPD (PV=-0.03; p<10-5). Finally, CI had a direct effect on PAR (PV=-0.69, p<10-5), as expected 

because CI is defined to be negatively correlated with PAR in Eq. 1, and an indirect effect on Ta 

(PV=-0.37; p<10-5) and VPD (PV=-0.36; p<10-5). These quantitative results are consistent with 

previous findings that clouds and aerosols (positively correlated with CI) influenced both the 

surface energy balance and the hydrologic cycle (Benner & Curry, 1998; Gu et al., 2002).  

 

3.2 Environmental controls on photosynthesis 

Adjusting for changes in photosynthetic capacity of the forest, we observed that three 

environmental variables significantly controlled LUEnorm (Fig. 3a): (1) CI had a positive effect 

on LUEnorm (PV=0.34, p<10-5), and (2) VPD and PAR had negative effects on LUEnorm  with 

PV=-0.23 and -0.18 respectively. The absolute PV of CI on LUEnorm was significantly larger 

than that of VPD and PAR on LUEnorm, indicating that diffuse light fraction (as measured by CI) 

might be the dominant control on LUEnorm.  

      We observed that only two environmental variables controlled GPPnorm (Fig. 3b): (1) PAR 

had the expected strongly positive effect on GPPnorm (PV=0.84, p<10-5) and likewise (2) VPD 

had a significant negative effect on GPPnorm (PV=-0.35, p<10-5). The absolute PV of PAR on 

GPPnorm was more than twice that of VPD on GPPnorm, indicating that PAR was the dominant 

control. Our analysis of environmental controls on raw LUE and GPP respectively (Fig. S5) 

showed that both relationships, LUE versus environmental drivers and GPP versus environmental 
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drivers, were identical to LUEnorm versus environment and GPPnorm versus environment, 

respectively.  

      Our path analyses therefore revealed that three environmental variables (CI, VPD and PAR) 

significantly controlled tropical photosynthesis at the Tapajos k67 site: CI and VPD affected 

photosynthetic activity primarily through influencing LUEnorm (proportional to f(env) in Eq. 7), 

and PAR affected photosynthetic activity primarily through its direct effect on GPPnorm.  

 

3.3 LUE modeling: Synthesis and Validation from hourly to annual timescales 

Given the results of our path analysis, we were able to omit the temperature response function 

from the overall environmental response function (Eq. 7), yielding:  

0

0

1
(1 ) (1 ) ( )

1 /
CI wGPP k CI k VPD FAPAR PAR

PAR PAR
         


      

       (18) 

Eq. 18 constituted our final form of the LUE-based photosynthesis model.      

 We first validated the model performance. We found that the reference LUE model forced 

by time-varying environmental drivers and interacting with time-varying monthly PC explained 

71% of hourly variability in EC-derived GPP (Fig. 4a). When aggregating the modeled and EC-

derived GPP at longer timescales (days to years), our results indicated good agreement between 

these two metrics at daily, monthly and yearly timescales respectively (R2=0.64, 0.74, and 0.81) 

(Fig. 4b-d). We also ran the LUE model driven by the same hourly environmental drivers but with 

three temporal resolutions of PC (monthly PC, to 7-year average PC phenology, to constant PC; 

Fig. 5a). Our results indicated that the LUE model with higher temporal resolution of PC could 
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better capture interannual variability in monthly GPP (R2=0.74; Fig. 5b), followed by 7-year 

average PC phenology (R2=0.64), and constant PC (R2=0.17).  

     We then used our reference LUE models to partition GPP variability to different causes. 

We found that modeled GPP of “full” scenario was most sensitive to variation in environmental 

drivers (and least sensitive to variation in PC) at hourly timescales, with environmental drivers 

alone explaining ~92% of modeled GPP variability. This was in contrast with ~5% of modeled 

GPP variability that was simulated by PC alone (Fig. 6; Table S4). The environmental variability 

becomes less important in affecting modeled GPP at progressively longer timescales, with ~45%, 

~8%, and ~4% of the variance in modeled GPP attributable to variation in environmental drivers 

at daily, monthly, and yearly timescales respectively (Fig. 6; Table S4). Meanwhile, variation in 

the biotic response becomes progressively more important in determining the modeled GPP, with 

~44%, ~83%, and ~91% of the variance in modeled GPP can be attributed to variation in PC at 

daily, monthly, and yearly timescales respectively (Fig. 6; Table S4).  

 

3.4 LUE modeling: characterizing environmental response  

The LUE model coefficients for the full model were reported in Table S3, including Ԑ0 (the 

coefficient of intrinsic LUE), kCI (the coefficient of GPP sensitivity to CI), kw (the coefficient of 

GPP sensitivity to VPD), and PAR0 (the Michaelis-Menten constraint of PAR on photosynthesis). 

These model coefficients indicated that photosynthesis was: (1) ~3.05 times more efficient under 

fully diffuse light than under fully direct light, and (2) ~1.92 times more efficient without VPD 

stress than under the maximum VPD stress (~2.5 kpa at the Tapajos km67 site). 
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      With the fitted model coefficients (Table S3), we used the simplified LUE model to assess how 

the environmental variables independently and jointly controlled photosynthesis, by considering 

environmental correlations (Table S2). Fig. 7 shows that photosynthesis responded monotonically 

to CI, VPD, and PAR individually. However, when considering the correlations among 

environmental variables, we found that: (1) the combined effect of PAR and CI led to a concave 

photosynthetic response, with the maximum photosynthetic value at the moderate CI; and (2) the 

combined effect of PAR, CI, and VPD also led to a concave response, but with increased curvature 

and with the maximum photosynthesis value at CI ~0.42. This optimal CI value differentiated a 

“light limited regime” from a “water limited regime” (Fig. 7).  

      We then assessed the environmental sensitivity of photosynthesis normalized by PC, relative 

to average environmental conditions, assuming that environmental variables followed their 

observed (correlated) joint distribution (Fig. 8b, Fig. S8, and Table S5). We simulated how the k67 

forest photosynthesis responded to a reduction in CI (typically associated with more sunlight, less 

rain, and higher VPD), generally seen during atmospheric drought conditions in the Amazon basin. 

Our results showed that with CI reduction and associated PAR, VPD and Ta increases, the joint 

effect had an initial increase and then a decrease in wet season GPPnorm (because CI tended to be 

higher than optimal in the wet season, Fig. 8a), and a continuous decrease in dry season GPPnorm 

(because CI tended to be less than optimal in the dry season, Fig. 8a). Our results indicated that 

GPPnorm at k67 had small sensitivity to moderate fluctuations of CI; a reduction of CI by 0.1 units 

(a ~20% change in CI), associated with an increase in midday PAR of ~220 µmol/m2/s and an 

increase in midday VPD of ~170 Pa, causing an absolute change of less than 3% in GPPnorm in 

both the wet and dry seasons.  
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3.5 Decoupling Ta and VPD effect on GPPnorm  

Our analysis indicated that GPPnorm showed a nearly monotonic decline with VPD when adjusted 

for Ta (and PAR and CI) (Fig. 9a; ttest for slopes under each reference Ta is significant, with p-

value=0.0251), but that GPPnorm showed little change with Ta, when adjusted for VPD (and PAR 

and CI) (Fig. 9b; ttest for slopes under reference VPD is insignificant, with p-value=0.3171). These 

results together suggest that VPD is the primary direct control on GPPnorm, while the overall 

negative GPPnorm-vs-Ta relationship without VPD controlled (Fig. 9b) is a consequence of 

changing VPD with Ta, which directly regulates GPP. This analysis is consistent with the results 

derived from our path analysis (Fig. 3), which also suggests VPD is the direct control on GPPnorm. 

 

 

4. Discussion  

1. How do environmental drivers control hourly GPP in an evergreen tropical forest? 

Our analysis confirms that variation of environmental drivers is the dominant control on the 

variation of tropical forest GPP at hourly to daily timescales (through direct plant physiological 

response), as suggested by numerous previous studies (Goulden et al., 2004; Hutyra et al., 2007; 

Oliveira et al., 2007; Doughty & Goulden, 2008a; Cirino et al., 2014). This instantaneous 

physiological response follows a positive response to short term variations in light availability 

(PAR and CI) and a negative response to atmospheric water deficit (VPD) (Fig. 3 and Fig. 7). We 

are able to model these responses by a parsimonious LUE-based photosynthesis model (Eq. 18; 

explaining R2=71% of EC derived GPP; Fig. 4a).  
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      This analysis allows us to investigate the cause for previously reported observations (at a 

nearby site in the same forest) that at given PAR, hourly GPP is higher in the morning than in the 

afternoon. This suggests that a combination of increased evapotranspiration demand and plant-

endogenous circadian rhythms might explain the afternoon decline in light sensitivity of GPP in 

this tropical forest (Goulden et al., 2004; Doughty et al., 2006). Our LUE based photosynthesis 

model, by including environmental variables beyond PAR, can well simulate the diel patterns of 

GPP (Fig. 4a and Fig. S9), confirming that physiological response to higher afternoon evaporative 

demand is sufficient to account for observed diel patterns in GPP. In addition, our model simulates 

the positive effect of moderate cloudiness on GPP (Gu et al. 2002, 2003; Mercado et al., 2009; 

Oliveira et al., 2009; Cirino et al., 2014).  

      Our study also highlights the importance of a key result that once covariation among 

environmental drivers, and, also between these drivers and the underlying photosynthetic 

infrastructure (PC) on which the drivers act, are accounted for, normalized GPP (GPPnorm) 

showed much smaller sensitivity to environmental driver variation (Fig. 8b, Fig. S8, and Table S5) 

than had been previously reported (Oliveira et al., 2007; Doughty & Goulden, 2008a; Lee et al., 

2013; Cirino et al., 2014). The underlying reason for low sensitivity of GPPnorm to driver 

variation may be twofold: first, by accounting for correlations among environmental drivers (as 

explained in section 3.4), compensating changes in correlated drivers (e.g. the positive effect of 

increasing PAR along with the correlated negative effect of increasing VPD) reduced the overall 

effect of changing climate on GPPnorm. Second, by first normalizing for changes in the canopy’s 

inherent photosynthetic capacity, we are able to more accurately quantify the effects of 

environmental variation on that capacity, without being confounded by simultaneous changes in 
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both drivers and the capacity to respond to those drivers (Wu et al., in review). Since GPPnorm 

(forced by time-varying environmental drivers only) had much lower seasonal variation than did 

raw GPP (Fig. 8; forced by time covarying environmental drivers and monthly PC), our work 

further highlights the importance of representing variation due to inherent, longer-term controls 

on physiological phenology, including expression of traits that control leaf age and turnover and 

the photosynthetic capacity of leaves, in explaining GPP variability over longer timescales in the 

tropics (see question 2, below).  

 

2. What are the relative contributions of environmental variation and biological response (PC) 

in controlling GPP across timescales? 

Our finding that environmental variation alone explains progressively less GPP variability at 

longer and longer timescales is consistent with similar findings in temperate biomes (Hui et al., 

2003; Richardson et al., 2007; Urbanski et al., 2007; Teklemariam et al., 2010; Marcolla et al., 

2011; Wu et al., 2012). One important difference, however, is that this trend is more pronounced 

at this tropical site, with environmental variation accounting for only ~4% of modeled GPP at 

yearly timescales, as compared to ~30% in a temperate forest (Richardson et al., 2007; Urbanski 

et al., 2007). This difference might be attributed to much smaller environmental variability in the 

tropics, and to the leaf phenology (or biotic response to environmental drivers) in the tropics being 

less tightly coupled with environmental variability. This pattern remains to be tested at other 

tropical sites, but this work so far highlights that understanding and modeling the dynamics of GPP 

in response to environmental drivers, may be especially challenging in the tropics.  
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 Variation in PC may arise from seasonal and interannual patterns of leaf dynamics 

(flushing and abscission drive variations in LAI and changes in the age composition of the canopy), 

and/or acclimation to changes in prevailing resource availability, including light, water, and 

nutrients. Wu et al. (in review) did not consider acclimation as a mechanism, but suggested that 

seasonal variation in leaf demography (i.e. leaf age composition) and in leaf ontogeny (i.e. age-

dependent photosynthetic capacity) jointly explained as much as 91% of average PC seasonal 

variability. This suggests that the way forward for improved model representation is the direct 

inclusion of prognostic modeling of demographic processes in leaves and canopies (see Kim et al., 

2012) within models that can represent dynamically varying carbon allocation (e.g. among roots, 

stems, and leaves) as a response to climatic stress, as has been observed in Amazon forest drought 

response (Doughty et al., 2015).   

 Demography itself may arise from other biological mechanisms regulating PC, including 

adaptations to avoid herbivores or pathogens (Lieberei, 2007) or for optimal carbon acquisition 

under seasonally and interannually varying resource availability (Wright et al., 1994; Wright et 

al., 1996; Guan et al., 2015; Brienen et al., 2015). To reconcile different mechanisms requires an 

inter-disciplinary approach to expand our observation skills across time, space, and spatial 

resolutions, and will be critical to understanding the long-term response and resiliency of tropical 

forests to changing climate. 

        

3. Can capacity-normalized GPP help resolve longstanding debates about resource limitation 

and sensitivity to temperature?   
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As discussed in section 4.1, separating the effects of changing environmental drivers from 

changing forest photosynthetic capacity allows for a more accurate quantification of the effects of 

environmental variability. We used the capability of this holistic approach to revisit two long-

running debates in tropical forest function.   

      a. Water versus light limitation. Whether tropical evergreen forests are light limited or water 

limited has been a longstanding and controversial question in tropical ecology, as they maintain 

high GPP and evapotranspiration during the dry season while earth system models simulate dry 

season declines in GPP and evapotranspiration. We here show that both light and water limitations 

co-exist and operate at different timescales in tropical evergreen forests. 

     As discussed in 4.1, we showed that light availability (via PAR×CI) and water deficit (via VPD) 

effects jointly controlled hourly GPP in this tropical evergreen forest (Fig. 7). At the monthly scale, 

we observed increases in both GPP and PC during periods with higher sunlight, even during the 

dry season (Fig. 8c). This observation suggests that water supplies are sufficient to support the 

biologically-driven increases in PC. However, after accounting for changes in PC, we found that 

the residual photosynthesis rate was lower in the dry season than the wet season, indicating that 

water limitations do indeed account for some of the dry season reduction in GPP (Fig. 8c). We 

interpret the causes of these two effects as being that PC is light-limited (i.e. increases with light 

in the dry season), but that GPPnorm (GPP after adjusting for the increase in PC) is water limited 

(i.e. increases with water, or lower VPD, in the dry season). The increase in PC during the 

otherwise unfavorable dry-season environment, might be facilitated because in tropical evergreen 

forests stored ground water (recharged by excess wet-season precipitation input) is enough to 

support the long-term average accumulated evapotranspiration demand, and thus the forest as a 
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whole overbuilds the capacity to take advantage of excess light availability in the dry season 

(Kikuzawa, 1995; Guan et al., 2015; Doughty et al., 2015). Our analysis thus helps resolve debates 

about resource dynamics – in particular, whether light or water is more limiting to photosynthesis 

in the dry season.  

      b. Forest sensitivity to temperature. Our finding that temperature had no detectable direct effect 

on capacity-adjusted GPP, beyond that associated with VPD (Fig. 3 and Fig. 9), has important 

implications for the ongoing debate about the temperature sensitivity of tropical forests. Doughty 

& Goulden (2008a) and Clark et al (2013) argued that carbon uptake in tropical forest was limited 

by high temperatures, while Farquhar & Lloyd (2008) argued that observed declines in uptake with 

temperature were not due to high temperature per se, but to the associated increase in VPD that 

induced stomatal closure. Our path analysis suggests that in our record of observations, 

temperature affects GPP indirectly through its effect on VPD (Fig. 3). This interpretation is 

confirmed by bivariate analysis of temperature and VPD, which could detect no effect of 

temperature that was independent of VPD (Fig. 9). Tropical forest carbon uptake may still be 

limited by temperature, but that limit is not evident over the range of temperatures observed at this 

forest site.   

 

4. Possible caveats and limitations 

The current study has two interpretive limitations. One is the lack of explicit consideration of soil 

moisture, and the other comes from the LUE-based photosynthesis model that was used. Soil 

moisture can be an important influence on photosynthesis (Kapos, 1989; Baker et al., 2008; Brando 

et al., 2008); excluding it from analysis might affect our derived PC and f(Env) term in the LUE-
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based photosynthesis modeling. However, even if not explicitly included, its effects are likely well 

represented indirectly: VPD and soil moisture are highly correlated in tropical forests, and they 

both regulate plant physiological processes through stomatal conductance (Meir et al., 2009; 

Brando et al., 2010; Lee et al., 2013). This suggests that the majority of soil moisture effects on 

photosynthesis might already be captured by the inclusion of VPD in our analysis. Second, even 

if a substantial soil moisture effect was not captured by VPD, our results are likely robust. As soil 

moisture should be lower in the dry season than in the wet season (Baker et al., 2008; Meir et al., 

2009; Brando et al., 2010), the consideration of soil moisture should reduce modeled dry-season 

photosynthesis (i.e. our current LUE model might overestimate dry season photosynthesis) and 

increase estimate of dry-season PC. Thus our observation of dry-season green-up (increase in PC) 

would be even larger, and the effects we see resulting from PC on GPP would if anything be 

stronger than reported here, relative to the effect of environmental variation on GPP. 

      The other possible limitation comes from our LUE-based photosynthesis model, which is a 

simplified representation. Parameterized as it is, we may not expect it to perform well at other 

tropical forest sites, or if run into the future climate beyond the current environmental range. 

Besides the lack of consideration of soil moisture, we also assumed that the environmental effect 

on GPP could be represented by the multiplication of each environmental stressor (Eq. 18) with 

each being described by a linear function. Possible nonlinear responses and feedbacks are thus 

neglected in this parameterization. We tend to keep this model to be parsimonious, as more 

complicated modeling approaches may not necessarily better capture seasonal variation in tropical 

GPP (Baker et al., 2008; Kim et al., 2012; de Weirt et al., 2012). However, with these caveats 

aside, it is clear that the model successfully reproduces the measured fluxes across a range of time 
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scales (Fig. 4). It is only through the mechanistic process modeling approach that we are possible 

to partition the seasonal and interannual variation in GPP to environmental driver and biotic 

response effects (Fig. 6 and Table S4).  

 

5. Conclusion  

Interannual variation in tropical forest metabolism is known to contribute to variation in the annual 

growth rate of atmospheric CO2 at both regional and global scales (Phillips et al., 2009; Fu et al., 

2013). Results from our study suggest that interannual variation in GPP in an Amazonian 

evergreen forest can be attributed not only to the direct effect of variation in extrinsic 

environmental drivers, but also to variation in the intrinsic photosynthetic capacity, with the later 

control dominating longer-term photosynthesis dynamics (i.e. PC explains ~91% modeled GPP at 

yearly scale). By partitioning the variability in GPP to these two causes (extrinsic vs. intrinsic) and 

accounting for the fact that multiple environmental variables are correlated, our results show that 

we can get better answers to two longstanding debates about water vs. light limitation and the 

temperature threshold questions. The implication of this is that the partitioning method we used 

here is a general approach that can be used to tackle a range of questions about tropical forest 

function (the two we look at here are just examples). For example, this partitioning approach may 

potentially be applicable to the study of ecosystem respiration in tropical evergreen forests, as it 

also subjects to both extrinsic and intrinsic controls (Hutyra et al., 2007; Phillips et al., 2009; 

Brienen et al., 2015). In addition, this partitioning approach might also be insightful as to whether 

there are systematic differences between temperate and tropical zones in the relative importance 

of extrinsic and intrinsic controls on ecosystem metabolism, as the intrinsic control in temperate 
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biomes (i.e. leaf phenology) is more tightly related with environmental seasonality than that in 

tropical biomes. Last, our results also suggest that failing to take the interannual variations in PC 

into account will preclude accurate predictions of tropical forest GPP at longer timescales. 

Therefore, better predictions of CO2 flux in tropical evergreen forests will require improved 

understanding of the underlying causes of interannual variation in the biological response to 

environmental drivers.   
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Figures and Tables 

Figure 1: Flow-chart of the analysis of photosynthesis-environment relationships in an tropical 

evergreen forest 
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Figure 2: Relationships among the four major environmental variables (VPD, Ta, PAR, and CI). 

The point clouds consist of seven years of hourly daytime eddy covariance measurements (January 

2002 – December 2005 and January 2009 –December 2011) at k67 site. Black lines show linear 

ordinary least squares regressions.  
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Figure 3: Path diagrams illustrate environmental controls on (a) the logarithm of the capacity-

normalized light-use efficiency (log(LUEnorm)), and (b) the capacity-normalized GPP 

(GPPnorm). We use seven years of hourly daytime measurements at k67 site for the analysis. The 

thickness of each arrow indicates standardized correlation coefficients, or path value, (see legend). 

All the paths shown here are statistically significant (p<0.001). The sub-diagram of climatic 

variables is colored grey. 
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Figure 4: GPP-model validation across a wide range of timescales: (a) hourly, (b) daily, (c) 

monthly, and (d) interannual scales. GPP-model refers to the reference LUE-based photosynthesis 

model, driven by hourly environmental drivers and monthly PC. The model is parameterized by 

the data of years 2003, 2005, 2009, and 2011, and validated by the independent data of years 2002, 

2004, and 2010. Observed GPP refers to eddy covariance derived GPP. Fig. 4a-c shown for the 

validation data, and Fig. 4d shown for all 7-year data.  
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Figure 5: Three temporal resolutions of model parameter (or photosynthetic capacity, PC) and 

corresponding LUE-based photosynthesis models. (a) Eddy covariance derived model parameter 

represented by monthly PC (green), 7-year average annual cycle of monthly PC (blue), and 7-year 

average PC (or constant PC; orange) at k67 site; (b)7-year time series of monthly eddy covariance 

derived GPP (black), and LUE model-based GPP driven by monthly PC (green; R2=0.74; p<10-5), 

driven by 7-year average annual cycle of PC (blue; R2=0.64; p<10-5), and driven by constant PC 

(orange; R2=0.17; p<10-5). 
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Figure 6: Role of interannual variation in environmental drivers and model parameter (PC) in 

determining the modeled GPP across time scales from hours to years. The modeled GPP here refers 

to the full LUE-model driven by hourly environmental variables and monthly PC. The variation in 

model predictions was partitioned to “environmental drivers” and “PC” effects using a sums-of-

squares approach, as described in text. 
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Figure 7: GPPnorm response to environmental variables based on the simplified LUE model, is 

expressed as a function of CI by considering environmental correlations and scaling GPPnorm 

response to PAR to 0-1. GPPnorm response to light (red) includes the effect of both light quality 

(cloudiness index, cyan) and quantity (PAR, green). GPPnorm response to all variables (black) 

includes the effect of PAR, CI, and VPD (blue).  
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Figure 8: (a) Probability distribution of hourly cloudiness (CI) observations under controlled SZA 

bin (20o≤SZA≤40o) for the wet season (blue) and the dry season (red). The grey dashed line 

indicates the optimal CI (0.42) where GPP is at its maximum; (b) GPPnorm response (from the 

simplified LUE model; Fig. 7) to CI reduction (corresponding to the increase in PAR and VPD; 

Fig. S8) for the wet season (blue) and the dry season (red) under controlled SZA bin 

(20o≤SZA≤40o); (c) Seven-year mean annual cycles of monthly eddy covariance derived GPP 

(blue), eddy covariance derived PC (green), and modeled GPP (red; using the LUE-based 

photosynthesis model with constant PC; representing the integrated environmental effects) , with 

95% confidence intervals (years 2002-2005, 2009-2011). Orange shaded area indicates periods 

when GPP < PC.  Pink shaded area indicates dry season conditions (precipitation<100 mm/month). 
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Figure 9: Relationship between capacity-normalized GPP (GPPnorm, filtered by PAR≥1500 µmol 

CO2 m
-2 s-1) and VPD in (a), and GPPnorm and Ta in (b). All the hourly measurements at k67 site 

(years 2002-2005, 2009-2011) were used. Different color lines in (a) indicate VPD vs. GPPnorm 

relationship under different controlled Ta ranges (1 centi-degree bin), and different color and 

symbol lines in (b) indicate Ta vs. GPPnorm relationship under different controlled VPD ranges 

(100 pa bin). The central grey line indicates the average VPD vs. GPPnorm relationship without 

being conditioned by Ta in (a), and the central grey line indicates the average Ta vs. GPPnorm 

relationship without being conditioned by VPD in (b). Uncertainty bars indicate 95% confidence 

interval. The slopes in (a) between VPD and GPPnorm conditioned by Ta is significantly negative 

(ttest, p=0.0251), while the slopes in (b) between Ta and GPPnorm conditioned by VPD is 

insignificantly deviating from 0 (ttest, p=0.3171). 
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Supplementary Materials 

Table S1. Mean environment within each SZA bin across the whole season at the k 

67 site, divided into morning (AM) and afternoon (PM). 

Scenarios Cloudiness PAR (umol/m2/s) Ta (oC) VPD (Pa) 

Whole Day 0.401±0.1 1320±200 27.7±1 874±200 

20o≤SZA≤30o, AM 0.415±0.1 1320±200 27.5±1 819±200 

30o≤SZA≤40o, AM 0.446±0.1 1167±200 26.9±1 669±200 

40o≤SZA≤50o, AM 0.446±0.1 1027±200 26.3±1 534±200 

60o≤SZA, AM 0.597±0.1 332±200 24.2±1 193±200 

20o≤SZA≤30o, PM 0.422±0.1 1303±200 28.4±1 1032±200 

30o≤SZA≤40o, PM 0.419±0.1 1209±200 29.1±1 1190±200 

40o≤SZA≤50o, PM 0.448±0.1 989±200 29.0±1 1124±200 
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Table S2. Correlations among environmental variables for seven-year hourly observations 

(years: 2002-2005, 2009-2011) within a fixed SZA bin (20o-40o) at k67 site.  

Scenario Correlation Model Number of 

Observations 

Correlation Coefficient (R2) P-Value 

Whole Year PAR=f(CI) y=2201.4-2211.1x 6995 0.983 <1e-6 

VPD=f(CI) y=1669.6-1721.5x 6995 0.370 <1e-6 

VPD=f(AT) y=-85.174+16.516 (x-20.085) 2 6995 0.865 <1e-6 

Wet Season 

(Jan-Jun) 

PAR=f(CI) y=2199.4-2208.4x 4213 0.983 <1e-6 

VPD=f(CI) y=1469.4-1497.1x 4213 0.384 <1e-6 

VPD=f(AT) y=-93.875+15.827 (x-19.927) 2 4213 0.837 <1e-6 

Dry Season (Jul-Nov) PAR=f(CI) y=2202.8-2212.1x 2782 0.979 <1e-6 

VPD=f(CI) y=1747.1-1575.7x 2782 0.234 <1e-6 

VPD=f(AT) y=-85.174+16.516 (x-20.085) 2 2782 0.842 0<1e-6 
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Table S3.  Model coefficients (mean±95% confidence interval) of the reference LUE-based 

photosynthesis models (Eq. 12) driven by hourly environmental drivers and monthly PC, using the 

training data of 4-year eddy covariance measurements (2003, 2005, 2009, and 2011) at k67 site. 

 (mol CO2/mol 

quantum) 

(unitless  (pa-1) PAR0 R2 RMSE (µmol 

CO2/m2/s) 

0.0155±0.0006 2.056±0.108 191.1e-6±6.8e-6 6216.4±594.35 0.71 4.37 

 

 

  

0 CIk kw
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Table S4.  Partitioning modeled GPP variability into the causes of environmental drivers (ENV), 

and biotic response to environmental forcing (PC) across timescales from hourly to interannual, 

with the percentage of modeled variability explained as an indicator of the effect.   

Timescales\Factors ENV PC Interaction or 

residual 

Hourly 92.18% 5.37% 2.45% 

Daily 45.10% 43.62% 31.28% 

Monthly 7.66% 82.87% 9.47% 

Yearly 4.13% 91.18% 4.69% 
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Table S5. Sensitivity analysis on GPPnorm response to a reduction in CI by using the simplified 

version of LUE model (Fig. 6) under the scenario of a constrained SZA bin (20o≤SZA≤40o), which 

accounts for environmental correlations (Table S2).  

 Whole Year Wet Season Dry Season 

Cloudiness PAR 

(umol/m2/s) 

VPD 

(pa) 

GPP% PAR 

(umol/m2/s) 

VPD 

(pa) 

GPP% PAR 

(umol/m2/s) 

VPD 

(pa) 

GPP% 

-0.025 +55.3 +43.0 +0.41±0.15 +55.2 +37.3 +0.99±0.22 +55.3 +39.4 -0.28±0.18 

-0.05 +110.6 +86.0 +0.48±0.13 +110.4 +74.6 +1.61±0.19 +110.6 +78.8 -0.86±0.17 

-0.075 +165.8 +129.1 +0.22±0.12 +165.6 +111.9 +1.88±0.18 +165.9 +118.2 -1.73±0.16 

-0.1 +221.1 +172.1 -0.6±0.11 +220.8 +149.2 +1.80±0.16 +221.2 +157.6 -2.88±0.16 

-0.15 +331.3 +258.2 -2.44±0.13 +330.8 +223.8 +0.65±0.17 +331.6 +236.4 -6.02±0.18 

-0.2 +439.6 +344.3 -5.73±0.16 +439.4 +298.3 -1.81±0.20 +439.3 +315.1 -10.26±0.21 
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Figure S1: The derivation, distribution and validation of CI at k67 site: (a) scatterplot of theoretical 

PAR and observed PAR; (b) diel pattern of CI; (c) correlation between CI and diffuse fraction (the 

ratio between diffuse and total PAR; from a BF5 Sunshine Sensor at km67 site). All 7-year hourly 

daytime observations were used for panels (a) and (b). The data used for panel (c) were the 

measurements from June 2004 to December 2005.    
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Figure S2. Modeled FAPAR seasonality based on Leaf area Index (LAI) and changing solar zenith 

angles (SZA) at k67 site (driven exclusively by average annual cycle of monthly ground-based 

LAI measurements). 
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Figure S3: Mean annual cycle of monthly PC relative to its annual maxima (or PC/PCmax) at the 

km67 site for all data, for 4 SZA bins in the morning (AM), and for 3 SZA bins in the afternoon 

(PM). 
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Figure S4: Relationships among the four major environmental variables (VPD, Ta, PAR, and 

Cloudiness Index) under a constrained SZA bin (20º-40º). The point clouds consist of 7-year 

hourly daytime eddy covariance measurements (January 2002 – December 2005 and January 2009 

–December 2011). Black lines show linear ordinary least squares regressions.    
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Figure S5:  Path diagrams illustrate environmental controls on (a) the logarithm of LUE (log(LU)), 

and (b) GPP. We use seven years of hourly daytime measurements at k67 site for the analysis. The 

thickness of each arrow indicates standardized correlation coefficients, or path value, (see legend). 

All the paths shown here are statistically significant (p<0.001). The sub-diagram of climatic 

variables is colored grey. 
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Figure S6: GPP-model performance for the training data (years 2003, 2005, 2009, and 2011) at 

hourly timescale. LUE-based photosynthesis model, driven by hourly environmental drivers and 

monthly PC. Observed GPP refers to eddy covariance derived GPP.  
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Figure S7. Modeled FAPAR seasonality based on Leaf area Index (LAI) and changing solar zenith 

angles (SZA) at k67 site (driven exclusively by average annual cycle of monthly ground-based 

LAI measurements). 
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Figure S8: Sensitivity analysis of environmental change under a reduction in CI when accounting 

for environmental correlations (Table S2), under the scenario of a constrained SZA bin 

(20o≤SZA≤40o). Two environmental variables considered here include (a) PAR and (b) VPD. Blue 

lines indicate the wet season environmental sensitivity; red lines indicate the dry season 

environmental sensitivity.  
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Figure S9: Mean diel patterns of modeled and observed GPP: (a) training data (years 2003, 2005, 

2009, and 2011), and (b) testing data (years 2002, 2004, and 2010).  Model refers to the reference 

LUE-based photosynthesis model driven by hourly environmental drivers and monthly PC. 

Observed PC refers to eddy covariance derived GPP. Modeled GPP well tracked observed GPP 

across the diel patterns, regardless of for the training data and independent testing data. 
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APPENDIX C: CONVERGENCE IN RELATIONS AMONG LEAF TRAITS, SPECTRA AND 

AGE ACROSS CANOPY ENVIRONMENTS AND TWO CONTRASTING TROPICAL 

FORESTS 

Paper is currently in review New Phytologist 
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Summary 

 Leaf age structures the phenology and development of plants, as well as the largely 

neglected variability in leaf traits over life histories. However, a general technique for 

efficiently estimating leaf age is lacking. 

 We explored the potential for a statistical (PLSR) model to predict leaf age from leaf 

reflectance spectra across Amazonian forest sites using a model developed at a Peruvian 

site (12 species) and testing it across canopy growth environments at a contrasting Brazilian 

site (11 species).  

 A single model (parameterized using only Peruvian canopy leaves) successfully predicted 

ages of canopy leaves from both Peru (R2=0.83) and Brazil (R2=0.77), but ages for 

Brazilian understory leaves with significantly different leaf trait values had lower 

prediction accuracy (R2=0.47). Combined prediction accuracy for canopy and understory 

leaves was improved when information on growth environment and leaf traits were added 

into the model (R2 increased by 0.05 to R2=0.69), or when leaves from the full range of 

trait values were used to parameterize the model (0.15 R2 increase; R2=0.79). 

 This work suggests that fundamental rules constrain leaf traits and spectra to develop 

consistently across species and canopy environments, providing a basis for a general model 

associating leaf age with spectra in tropical forests.   
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1. Introduction: 

      It has long been recognized that many important ecological processes vary with leaf age. 

During their lifetime, leaves exhibit variable photosynthetic rates (Field, 1983; Reich et al., 1991; 

Wilson et al., 2001; Kitajima et al., 2002; Pantin et al., 2012), morphological changes 

(Maksymowych, 1973), chemical allocation and transformation (Wilson et al., 2001; Kitajima et 

al., 2002; Pantin et al., 2012; Yang et al., 2014), epiphyll colonization (Roberts et al., 1998; 

Toomey et al., 2009), and defense against herbivory (Coley, 1980; Coley & Barone, 1996; 

Lawrence et al., 2003; Wang et al., 2012). Therefore, leaf age provides critical information for 

interpreting leaf function and understanding development. Furthermore, leaf lifespan and leaf 

phenology are central to understanding plant life history (Field & Mooney, 1983; Reich et al., 

1992), population dynamics (Reich et al., 2004) and evolutionary fitness (Rose, 1991). Thus, many 

disciplines have long been interested in monitoring leaf age for individual plants (Field, 1983; 

Roberts et al., 1998; Wilson et al., 2001; Reich et al., 2004; Doughty & Goulden, 2008; Yang et 

al., 2014) and leaf lifespan for many species (Reich et al., 1991, 1992, 2004, 2014; Wright et al., 

2004; Funk & Cornwell, 2013; Osnas et al., 2013). 

      More recent studies have begun to emphasize the influence of leaf phenology and 

developmental stage on seasonal cycles of vegetation photosynthesis and transpiration at 

ecosystem scales (Kramer & Loustau, 2000; Doughty & Goulden, 2008; Richardson et al., 2012; 

Restrepo-Coupe et al., 2013). Yet leaf development is difficult to monitor at large scales, 

especially in carbon rich tropical evergreen forests, where individual leaf ages and phenology are 

not as tightly synchronized with ecosystem seasonality as in temperate forests (Reich, 1995). In 

tropical forests, different studies also produced contrasting interpretation of satellite-detected 
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seasonality of vegetation greenness (Morton et al., 2014; Bi et al., 2015), in part due to differing 

assumptions about the distribution of leaf ages in forest canopies and how changes in age 

composition might affect ecosystem seasonality (Doughty & Goulden, 2008; Brando et al., 2010; 

Morton et al., 2014). Therefore, for such forests, ‘ground truth’ studies of seasonal leaf age 

dynamics are clearly needed. 

      Despite the broad interest in leaf development and aging, there is currently no efficient and 

rapid method for estimating leaf age that can be applied across multiple species and research sites. 

Previous studies linking leaf morphological development (e.g. leaf length) to leaf aging (Erickson 

& Michelini, 1957; Chen et al., 2009; Meicenheimer, 2014) involved laborious measurements over 

long time periods or relied on uncertain assumptions. Near-surface remote sensing, e.g. via 

“phenocam”, is an alternate technique shown to be powerful for approximating leaf age of canopy 

trees in temperate deciduous forests (Richardson et al., 2009; Keenan et al., 2014; Yang et al., 

2014). This approach, however, has not been tested in tropical evergreen forests and its application 

could prove challenging due to the high diversity of leaf phenologies, with many tree species being 

brevi-deciduous or evergreen during most or all of the annual cycle (Opler et al., 1980; Reich, 

1995; Schöngart et al., 2002).  

Spectroscopy may provide a fast and efficient means for identification of leaf ages from 

their optical properties. Differences in the reflectance, absorbance, and transmittance of light at 

different wavelengths by plant parts are tightly coupled to their chemical composition, cell 

structure, and physiological properties (Curran, 1989; Elvidge, 1990; Kokaly et al., 2009), leading 

to the rapid recent development of spectroscopic methods as a general tool in plant ecophysiology 

and ecology. For example, spectroscopy has been used to estimate wood density and hydraulic 
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traits (Acuna & Murphy, 2006; Luss et al., 2015), accurately identify plant species from dried 

leaves (Durgante et al., 2013) across developmental stages (Lang et al., 2015), quantify non-

structural carbohydrate content of different plant organs (Ramirez et al., 2015), and characterize a 

broad suite of leaf biophysical traits (Asner & Martin, 2011; Asner et al., 2014; Serbin et al., 2012, 

2014). 

The companion paper by Chavana-Bryant et al. (in review) provides the first evidence that 

leaf ages are inferable from their spectra. Using field measurements from a lowland Amazon 

evergreen forest in Peru, Chavana-Bryant et al. (in review) found that spectrally detectable 

physiochemical properties that change with leaf development provide a basis for accurate 

estimation of leaf ages from leaf reflectance spectra at both individual and community levels. Their 

spectrally-based age model yielded more robust results than more traditional age models based on 

individual or multiple leaf trait predictors (LMA, LWC, P%, N%, and C%). This is presumably 

because leaf spectra are associated with a larger suite of leaf age-related traits (Asner et al., 2012; 

Serbin et al., 2012; Ramirez et al., 2015) than the limited number of traits used in modeling leaf 

age.  

      Although the spectra-age model was successfully tested for canopy sunlit leaves at a single 

Peruvian tropical forest site (Chavana-Bryant et al., in review), the broader applicability and 

potential limitations of this approach are largely unexplored. Factors which might limit 

performance of the spectra-age model include variation in age-trait or age-spectra relations across 

tropical forest sites or leaf growth environments within tree canopies, where species composition, 

leaf types and trait values all vary. Therefore, this study focused on answering the following 

questions:  
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1. How do leaf-level traits, spectral reflectance, and spectrally-derived vegetation indices 

(VIs) change with leaf development and aging across sites or across different growth 

environments in vertical canopy profiles of tropical forests?  

2. Are there sufficiently consistent relationships among traits and ages that allow a single 

model to predict leaf age from spectra across sites and changing growth environments?  

To address these questions, we used measurements of reflectance spectra, traits, and age of 

leaves collected at two tropical evergreen forests. We built upon the spectra-age model presented 

in Chavana-Bryant et al. (in review) for a site in Peruvian Amazonia. Here, we evaluated this 

model at a site in Brazil with contrasting soil and forest dynamical properties. We then explored 

the consistency of relationships across both sites, with a view to developing and validating a 

generally applicable spectra-age model for tropical forest leaves.  

 

2. Materials and Methods 

2.1 Study Sites  

      The study focuses on two lowland closed-canopy tropical evergreen forests (Fig. 1): a Peruvian 

site in Southwestern Amazonia (called “Peru site” hereafter) and a Brazilian site in Central-eastern 

Amazonia (called “Brazil site” hereafter). The sites are indicative of the contrast in edaphic and 

forest properties that are the primary axis of ecological variation across Amazonian forests: The 

former site is generally more productive, lower wood density and faster turnover but lower biomass 

forest than the latter site (Malhi et al., 2002, 2006; Patino et al., 2009). The contrast appears driven 

by soil properties, with western Amazonian soils being generally less infertile but with poorer 

physical structure (Quesada et al., 2012). 
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      The Peru site encompasses two primary forest plots within the Tambopata National Reserve in 

the Madre de Dios region of Peru (Malhi et al., 2014), both part of the Global Ecosystems 

Monitoring (GEM) network and the RAINFOR Amazon Forest Inventory Network (Malhi et al., 

2002), with RAINFOR codes TAM-06 (12°84' S, 69°30' W) and TAM-09 (12°83' S, 69°27' W). 

These forests grow on Haplic alisol soils (Quesada et al., 2010), at elevations of 215m and 220m 

above sea level, respectively. Mean annual precipitation is ~1900 mm/year, with a 4-5 month-long 

dry season (number of months with <100 mm/month precipitation) (Lewis et al., 2011).   

      The Brazil site (2o51’ S, 54o58’ W) encompasses the km67 eddy flux tower and associated 

biometric plots in Tapajos National forest, near Santarém, Brazil (Rice et al., 2004; Hutyra et al., 

2007). Part of the Brazilian Large Scale Biosphere-Atmosphere Experiment in Amazonia (LBA) 

(Davidson et al., 2012), this highly-studied site sits on a well-drained clay-soil plateau. Mean 

annual precipitation is ~2000 mm/year with a 5-month long dry season (Restrepo-Coupe et al., 

2013).  

 

2.2 Field measurements 

2.2.1 Peru site dataset 

      The Peru dataset of 1072 leaves was collected in 2011. It includes physiological leaf traits (leaf 

mass per area; LMA, and leaf water content; LWC), leaf hyperspectral reflectance measurements 

(section 2.2.3), and in-situ leaf age monitoring for 12 canopy trees and sunlit leaves across their 

life cycles (from age of ~ 7 days to ~ 400 days; see Table 1 for species list). Full details of the data 

collection protocols for this site are available in Chavana-Bryant et al (in review).  
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2.2.2 Assessing leaf age and leaf traits at the Brazil site 

      Two datasets were collected at the Brazil site, using the same field protocol as that employed 

in the Peru study. They are (1) “spectra-age dataset”— measurements for 759 leaves of 11 tree 

species (Table 1), including leaf age, spectra, traits (LMA and LWC), and growth-environments 

(see below) at which the leaves were harvested, and (2) “independent community dataset”—

measurements for 40 tree species, including all above-mentioned variables, except leaf age (but 

with age categories; see below). The second dataset was used to examine the “community level” 

relationship between leaf traits/spectral characteristics and growth-environments.  

      The “spectra-age dataset” was collected during four campaigns covering the time periods of 

August-September 2013, November 2013, March 2014, and July-August 2014.   

      Leaf age monitoring began with observations of leaf emergence and leaf tagging (using metal 

tags alongside in-situ photos; Fig. S1) during the August-September 2013 campaign, when most 

sampled trees were flushing new leaves. Following the initial intensive tagging work, we continued 

to tag and photograph new leaves periodically.  

      During our campaigns, we harvested leaves of both sunlit and shaded environments from 4 

canopy trees (crowns exposed to direct sun), and shaded leaves for 3 mid-canopy (20-30 m) and 4 

understory trees (10-20 m). Leaf samples came from four canopy strata and 15 species-growth 

environment combinations (4 canopy sun, 4 canopy shade, 3 mid-canopy, and 4 understory; Fig. 

2, 3 and Table 1).  Sampled species accounted for 24.3% basal area of the local tree community.  

      We used three metrics to approximate within-canopy growth-environments for these leaf 

samples: (1) in-situ digital hemispherical photos (collected with a 180° fisheye lens adapter for a 

Canon T3) acquired right above the branch where the sampled leaves were attached, (2) branch 
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height (m)—the height of sampled leaves above the ground, and (3) branch depth (m)—the depth 

of sampled leaves below local canopy top. 

      A suite of leaf traits were collected, including leaf fresh area (using a Canon LiDE 120 scanner) 

and weight (precision at 0.001 g), and reflectance spectra (section 2.2.3). Sampled leaves were 

oven-dried at 60 oC for at least 72 hours and the dry weight of each leaf was recorded. Both fresh 

and dry weight were measured including petiole. 

      The “independent community dataset” was collected during an August-December 2012 

campaign. For this dataset, leaves were separated into three age classes, according to qualitative 

evaluations of the following criteria: color, size, rigidity, and budscars (demarcations on the branch 

at the transition between growing seasons) (Chavana-Bryant et al., in review). These age 

categories included young leaves within ages range of ~20 days to ~60 days, mature leaves (~150 

to ~220 days), and old (≥~300 days). For this campaign, we surveyed 11 canopy trees (among 

most abundant species), 13 mid-canopy trees, 8 understory trees, and 8 forest floor shrubs (<5 

meters tall).  

      For all the surveyed tree species, we sent a voucher specimen to Regina da Silva at Herbário 

IAN (Belém, PA, Brazil) for species identification, with species and family names shown in Table 

1.  

 

2.2.3 Assessing leaf reflectance spectra at the Brazil site 

      We measured leaf spectra using a field-portable FieldSpec® Pro full-range (350-2500 nm) 

spectroradiometer (Analytical Spectra Devices, ASD, Boulder, CO). The spectrometer had a 

spectral resolution of 1.4nm, 2.2nm and 2.3nm in the visible, NIR, and SWIR wavelengths and all 



 

 157 

data was interpolated to 1nm before analysis. All measurements were collected on the leaf adaxial 

surface using a customized assembly attached to a plant probe with an internal calibrated light 

source, following the same protocol as Chavana-Bryant et al (in review). The customized assembly 

was composited by two measurement blocks: one for 99.9% reflectivity white standard 

(Spectralon, Labsphere Inc., North Dutton, NH, USA), and the other for 3% reflectivity dark 

standard (Odyssey III black 449/9009 Marine Grade Cover Fabric). Reflectance spectra were 

measured on 1-6 different areas of each leaf lamina depending on leaf size, and then averaged to 

determine the mean optical properties across all wavelengths for each leaf.   

 

2.2.4 Deriving leaf traits and vegetation indices (VIs) 

      Two leaf traits were calculated: LMA (in unit of g/m2) by using the ratio between leaf dry 

weight (g) and fresh leaf projected area (m2), and LWC (ranging from 0 to 1) using the formula: 

(field fresh weight-dry weight)/field fresh weight. 

      We calculated four commonly-used remote sensing VIs, covering a wide range of spectrally-

based leaf biochemical and physiological properties, including Normalized Difference Vegetation 

Index (NDVI; Eqn 1; Tucker, 1979; Ustin et al., 2009), Enhanced Vegetation Index 2 (EVI2; Eqn 

2; Jiang et al., 2008), Photosynthetic Reflectance Index (PRI; Eqn 3; Gamon et al., 1992), and 

Normalized Difference Water Index (NDWI; Eqn 4; Gao, 1996). 

                                                            (1) 

                                             (2) 
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                                                         (3) 

                                                     (4) 

where NIR is the reflectance at near-infrared 800 nm band, R is the reflectance at Red 680 nm 

band, is the reflectance at 531 nm, is the reflectance at 570 nm, and SWIR is the 

reflectance at short-wavelength infrared 1240 nm band. 

 

2.2.5 Assessing within-canopy light environments  

      Within-canopy light environments were estimated from in-situ digital hemispheric photos 

(section 2.2.2). These photos were preprocessed and quality controlled using Adobe Lightroom 4 

(Adobe Systems INC., San Jose, CA). Contrast was then optimized, and the modified images were 

exported in JPEG format. Using a custom MATLAB program, these images were then 

automatically binarized into sky (or gap) or non-sky pixels, using Otsu’s algorithm (Ostu, 1975). 

The fraction of the hemispheric image that was open to the sky (gap fraction) was then used as an 

index of light environment of the sampled branch.    

 

2.3 A spectral leaf age model 

2.3.1 General approach 

      We used partial least squares regression (PLSR) analysis (Geladi & Kowalski, 1986; Wold et 

al., 2001) to explore the ability to predict leaf age from measurements of leaf hyperspectral 

reflectance. PLSR enables the statistical prediction of a variable of interest from a large array of 

typically correlated predictor variables (in this case, leaf reflectance from over 2100 wavelengths). 
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In this study, we adapted statistical methods used in previous studies (Wolter et al., 2008; Serbin 

et al., 2014; Singh et al., 2015). The flowchart of our PLSR analysis was shown in Fig. S2, and 

the details of this approach were described in the SI Methods.  

 

2.3.2 Cross-site spectra-age analysis   

      We examined the ability of our spectral approach to capture and predict leaf age through a 

series of tests. We first used the spectral age model developed in Chavana-Bryant et al. (in review) 

as a “reference model” by selecting the optimal model from among PLSR fits to a training dataset 

(720 sunlit leaves, n=12 trees) from the Peru site only. We then used it to predict leaf ages of the 

independent dataset from the Brazil site. The Brazil data included four canopy strata: sunlit leaves 

of canopy trees (n=4 trees), shaded leaves of canopy trees (n=4), mid-canopy leaves (n=3), and 

understory leaves (n=4). We used this dataset to explore the potential for generalizing the spectra-

age model across sites (from Peru canopy leaves to Brazil canopy leaves) and canopy growth 

environments (from canopy leaves to understory leaves). 

 

2.4 Generalizing the leaf age spectral model  

      2.4.1 Incorporating additional trait-based “predictor” variables 

      Variations in leaf growth-environments (e.g. branch height) have been shown to correlate with 

multiple leaf traits along vertical canopy profiles (Cavaleri et al., 2010) and hence may also 

influence spectra-age relationships. To explore whether such influence exists and could be used to 

improve the prediction of leaf age across canopy strata, we treated branch height and depth, leaf 

traits (LMA, LWC) and leaf-VIs (NDVI, EVI2, PRI, and NDWI) as potential “predictor” 
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variables, and included them alongside the original leaf spectra in a separate PLSR analysis. Units 

were standardized across variables by rescaling all metrics to the range 0 – 1 (the same range as 

reflectance), corresponding to minimum and maximum values (Table S1). This resulted in a 

“Spectra+trait” leaf age model. 

 

       2.4. 2 Parameterizing the model with leaf samples encompassing a wider trait range  

      Leaf traits from Brazilian understory leaves fell outside the range of the Peru training dataset 

(Table 1). We thus tested whether fitting the model with a training dataset composed of leaves 

across the full range of leaf trait values would produce a general spectra-age model across all leaf 

samples. Specifically, we formed the training data for a separate PLSR analysis by randomly 

choosing 10 out of 12 trees (10/12) for the Peru data, (3/4) for Brazilian canopy sun, canopy shade, 

and understory trees, respectively, and (2/3) for Brazilian mid-canopy, repeating the analysis 100-

fold as with the other models. This resulted in an “All+ Spectra” leaf model similar to the reference 

(Peru-trained) model, except it was trained by data from all canopy environments.   

 

3. Results  

      We first focus on the results from the Brazil site (reported here for the first time), and then 

show integration with the Peru dataset (from Chavanna-Bryant et al., in review).   

 

3.1 Brazil site: trait-age relationships 

  Key leaf traits were consistently correlated with age across all species-growth environment 

combinations (SGEC; Table 1) (R2=0.15, p<10-5 for LMA and R2=0.40, p<10-5 for LWC; Fig. 
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2a,b, respectively), and more strongly so within most SGEC: among 13 surveyed for trait-age 

analysis, 11 showed significant LMA-age relationships (R2=0.53-0.92 across SGEC; Fig. 2a), and 

all showed significant LWC-age relationship (R2=0.48-0.95 across SGEC; Fig. 2b). Also, for most 

combinations (10 out of 13), LWC was better correlated with leaf age than did LMA (Fig 2). For 

our canopy trees, the sunlit environments had significantly higher LMA and lower LWC than the 

corresponding shaded environments across their entire life cycles (Fig. 2a, b).  

 

3.2 Brazil site: spectra-age relationships 

  We observed large changes in leaf-level spectra as leaves aged (Fig. 3). Mean visible 

reflectance, especially green peak (~550 nm), and its variance showed continuous declines with 

age across all SGEC. Initial mean NIR reflectance (800-1200 nm) increased (with lower variance) 

during leaf expansion, which was followed by decreases in the mean (and increases in variance) 

as leaves aged. Mean SWIR (1400-2500 nm) reflectance increased monotonically with age, while 

the variance initially decreased (minimum at maturity) and then increased in old leaves. Our results 

(Fig. 3d) also highlighted several leaf-age sensitive spectral domain, including green peak (550 

nm), red edge (~725 nm), NIR (~800 nm), and several water absorption features in SWIR (~1440 

nm and ~1920 nm). 

 

3.3 Brazil site: leaf traits and spectral properties change with growth-environments 

  Two metrics of growth environments - branch height and depth - for each species- 

environment combinations were used. We found that branch depth was a better measure of within-
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canopy light environment (approximated by gap fraction) than branch height (R2 =0.71 for branch 

depth vs R2 =0.41 for branch height; Fig. S3). 

  The two leaf traits we analyzed were significantly correlated with growth-environments 

for all leaf-age classes, i.e. “young” (Fig. S4a-d), “mature (Fig. S5a-d)”, and “old” (Fig. S6a-d). 

Branch height displayed a better correlation with both LMA and LWC than branch depth. For 

example, for all mature leaf samples from the “independent community dataset”, branch height 

explained more variation in both LMA (R2=0.56, p<10-5; Fig. 4a) and LWC (R2=0.40, p<10-5; Fig. 

4c) than did branch depth (R2=0.40, p<10-5; Fig. 4b and R2=0.28, p<10-5; Fig. 4d for LMA and 

LWC, respectively). The results of the “spectra-age dataset” also showed a similar pattern (Fig. 

S5a-d), suggesting that our spectra-age dataset represented the local community responses to 

within-canopy growth environment variation.  

  Most of the analyzed spectral characteristics (reflectance and VIs) were significantly 

correlated with growth-environments for all leaf-age classes: (Fig. S4e-t for “young”, Fig. S5e-t 

for “mature”, and Fig. S6e-t for “old”). At mature class, growth-environments were significantly 

correlated with leaf reflectance at Red (Fig. 4e,f), NIR (Fig. 4g,h), and SWIR (Fig. S5k,l) 

wavelengths, but insignificantly at Green wavelength (Fig. S5g,h). Meanwhile branch height 

showed slightly tighter relationships for NIR and SWIR reflectance than did branch depth (Fig. 

4g,h; Fig. S5k,l). The opposite pattern was found for Red reflectance (Fig. 4e,f). All VIs of mature 

leaf-age class were significantly correlated with growth-environments (Fig. S5m-t), and EVI2 

(Fig. S5o,p), PRI (Fig. S4k,l) and NDWI (Fig. S5s,t) showed slightly higher correlation with 

branch height than branch depth. The opposite pattern was found for NDVI (Fig. 4i,j).  
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3.4 Cross-site spectra-age analysis 

  We tested the Peru-trained PLSR models (based on a fit to 70% of the Peru data) with both 

the Peru independent testing data and the Brazil data (Fig. 5). As expected, performance was 

dependent on the number of latent variables used in fitting the model, which, though, was small 

(performance on the Peru training and testing data increased only marginally with more than five 

variables, and performance on the Brazil data achieved a maximum with five latent variables, 

declining thereafter, Fig. 5a,b). Since including more than five PLSR components produced an 

overfit model with respect to the Brazil data, we adopted the Peru-trained spectra-age model with 

five latent variables as the reference model. This model was nearly identical to the community-

level model of Chavana-Bryant et al. (in review), except that the latter used seven latent variables 

instead of five. Performance for the Peru testing data was R2=0.83 and RMSE=54.8 days, and for 

all the Brazil data combined was R2=0.64 and RMSE=72.3 days. Cross-site performance of the 

reference model also showed a strong dependence on canopy environment, ranging from high 

performance in Brazil canopy sun leaves (R2=0.77, RMSE=61.8 days) to modest performance for 

Brazil understory leaves (R2=0.47, RMSE=89.8 days) (Fig. 5a,b; Table 2). 

  The PLSR regression coefficients and Variable Importance in Projection (VIP) for the 

reference (Peru-trained) spectra-age model (Fig. 5c,d,) indicated the important spectral domains 

for modeling leaf age, which included visible domain (especially ~550 nm), red edge (~725 nm), 

NIR (~800 nm) and several water absorption bands (~1440 nm, ~1700 nm, and ~1920 nm). The 

patterns of these also corresponded well with the age-dependent spectral variation (Fig. 3d).   

  As an additional exploration of the approach, we evaluated the performance of the 

reference spectra-age model across representative tree species comprising the forest community. 
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The reference model showed deviations from the mean community performance for some trees (as 

seen by regression lines that deviate from the 1:1 line in Fig. 6), and these deviations (of model 

predicted age from observed age) showed systematic dependence on growth environments (Fig. 

6,7): deviations in canopy sunlit environments (Fig. 6a-d) usually (3 of 4 trees) followed a slope 

shallower than the 1:1 line, while at the other end of the environmental gradient, deviations in 

Brazilian understory trees were significantly steeper than the 1:1 line (Fig. 7l-o). Deviations were 

largest in understory environments, whose leaf ages tended to be significantly overestimated in 

young age classes, but underestimated in old age classes. This deviation, as captured by the 

variation in the parameters (slope and intercept) of lines fit to those deviations, was well explained 

by growth environments, as captured by branch height (Fig. 7a,c), LMA (Fig. 7b,d), branch depth 

(Fig. S7a,c) and LWC (Fig. S7b,d).   

 

3.5 Improving the cross-site spectra-age model 

  Four modeling exercises were conducted to identify the best general model for predicting 

leaf age (Fig. S8; Table 2). The first was the reference (Peru trained) model already described. The 

“spectra+trait” model, which incorporated traits and indices of canopy environment as independent 

predictors (section 2.4.1), modestly improved overall performance for all Brazilian leaf samples 

(R2=0.69 in Fig. S8b vs R2=0.64 in Fig. S8a for the reference model; Table 2), but significantly 

improved prediction for Brazilian understory samples (R2=0.57 in Fig. S8b vs R2=0.47 in Fig. S8a 

for the reference model; Table 2).  

      The “All+spectra” model, trained by data from all canopy environments (sect. 2.4.2) achieved 

large performance gains (across all Brazilian leaves, R2=0.79 in Fig. S8c versus R2=0.64 in Fig. 
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S8a for the reference model), especially for understory leaf samples (R2=0.73 in Fig. S8c versus 

R2=0.47 for the reference model in Fig. S8a; Table 2).  

      Finally, combining both approaches (parameterizing the “spectra+trait” model with leaves 

from all canopy environments, noted as “All+spectra+trait”) led to the best model overall, but it 

was only a modest improvement over the “All+spectra” model overall (R2=0.81 in Fig. S8d vs. 

R2=0.79 in Fig. S8c; Table 2), yet resulting in significant improvement in Brazilian understory leaf 

samples (R2=0.82 in Fig. S8d vs. R2=0.73 in Fig. S8c; Table 2), at the small expense of model 

performance for Brazilian mid-canopy leaves (R2=0.78 in Fig. S8d vs. R2=0.82 in Fig. S8c; Table 

2).   

 

4. Discussion  

      We investigated whether principles of leaf trait ecology and ontogeny can be used to create a 

general model relating leaf spectra to leaf age, taking into account the effect of growth 

environments. We divided this investigation into two broad questions:  first, how are leaf traits and 

spectra related to leaf development across different sites and canopy growth environments?, and, 

second, are these relationships sufficiently consistent to allow development of a general model to 

accurately predict quantitative leaf age from spectra across sites and changing canopy 

environments?  

I. How do leaf-level traits, spectral reflectance, and vegetation indices (VIs) change with 

leaf development in different sites or canopy growth environments of tropical forests? 

We discuss four key findings that address this question:   
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1. Overall leaf trait variation is large compared to datasets that focus only on full sunlit 

mature leaves. Among 1831 leaves from two tropical forest sites, Peru (1072 canopy sunlit leaves; 

n=12 species) and Brazil (759 leaves along vertical canopy profiles; n=11), we observed large 

variation in leaf traits and reflectance spectra. This variation is comparable to that encompassed 

by 6136 full sunlit mature leaves from 1449 tropical canopy tree species reported in Asner et al. 

(2011, 2014).   

The cause of the large overall variation in traits/spectra was the substantial variation (even 

within individuals) across leaf ages and canopy growth environments. Thus, our combined dataset 

of less than two dozen species was also able to capture a large fraction of global trait variation, 

derived from inter-specific variability of full sunlit mature leaves (Wright et al., 2004; Asner et al. 

2011, 2014).  

This finding highlights two points. First, it shows how leaf age and growth environments 

can be key drivers of trait variation that cause within-species traits to vary as much or more than 

variations across species (as in Wright et al., 2004; Asner et al., 2011, 2014; Hulshof et al., 2013). 

Second, most relevant for this study, it confirms that if leaf age is consistently manifested primarily 

in traits, then sampling a broad range of traits (and how they vary with leaf age and canopy growth 

environments) may be more important than sampling many sites or species in developing a general 

model for predicting leaf age from spectra.   

2. Leaf traits and spectra vary with age: The finding that leaf age is a major driver of 

temporal variability in leaf traits (Fig. 2 for Brazil samples; Chavana-Bryant et al., in review for 

Peru samples) is consistent with studies in both tropical (Kitajima et al., 1997, 2002) and non-
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tropical forests (Field & Mooney, 1983; Wilson et al., 2001; Mediavilla et al., 2011; Yang et al., 

2014).  

Together with the age-dependence of leaf traits, the strong age-induced variation in leaf 

spectra found for the Peru (Chavana-Bryant et al., in review) and Brazil samples (Fig. 3) enabled 

us to identify key spectral features that were consistently different across leaf-age classes, even 

across canopy environments (e.g. green peak at 550 nm, red edge at ~725 nm, NIR at ~800nm, 

and several water absorption features in the SWIR, Fig 3). This observed spectral age-dependence 

confirms that aging could be a mechanism underlying observed seasonal trends in remote sensing 

of tropical forests (as hypothesized by Roberts et al., 1998; Doughty & Goulden, 2008).   

The spectra-age relation, which lays the ground for addressing question two (below), is 

attributable to the age-dependent changes in above-mentioned leaf traits and likely also to other 

related leaf morphological, structural and physico-chemical traits (Yang et al., 2014; Chavana-

Bryant et al., in review) known to influence leaf optical properties (Curran, 1989; Carter et al., 

1989; Elvidge, 1990; Jacquemoud & Baret, 1990; Kokaly et al., 2009).   

Intriguingly, the spectrally-based species identification study of Lang et al (2015) noted a 

result that leaves from young and adult plants differed consistently in their near-infrared spectra, 

which is parallel to what we found here across the developmental stages of individual leaves within 

adult. This suggests that, ultimately, spectra-age relations in leaves may integrate effects of both 

individual leaf and whole plant ontogenies.    

3. Leaf traits and spectra vary with canopy growth environments. Recent trait based studies 

have reported significant effects of canopy environments on variability in tropical leaf traits 

(Kumagai et al., 2001; Cavaleri et al., 2010; Kenzo et al., 2015; Coble & Cavaleri, 2015) and also 
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in non-tropical leaves (Givnish et al., 1988; Ellsworth & Reich, 1993; Koike et al., 2001). Our 

study further shows that the canopy environment dependency of leaf traits holds through the leaf 

life cycle, as the growth environments we explored (as indexed by position in the canopy, branch 

height or depth) were significantly correlated with leaf traits for all leaf age classes studied (Fig. 

S4 for “young”, Fig. S5 for “Mature”, Fig. S6 for “old” age classes).  

Critically, we confirmed that leaf reflectance was consistently dependent on growth 

environments across leaf age classes. Spectral trends followed our understanding of how physio-

chemical properties affect leaf spectra (Fig. S5e-l). For example, NIR reflectance reflects leaf 

intercellular structure and related leaf morphologies (Curran, 1989; Carter et al., 1989; 

Jacquemoud & Baret, 1990) that evolved for dealing with constraints imposed by heat and water 

stress (Terashima et al., 2001). Sunlit leaves (higher canopy positions) tend to be thicker (higher 

LMA) than shaded leaves (lower branch height), resulting in an increasing NIR with branch height. 

Since SWIR reflectance is associated with leaf-level water mass, and hence LMA (Curran, 1989; 

Carter et al., 1989; Jacquemoud & Baret, 1990), which causes more energy absorbance (lower 

reflectance) in the SWIR band, we observed a negative correlation of SWIR reflectance and branch 

height. We also observed a growth-environment dependency of leaf level spectrally-derived 

vegetation indices (VIs) across leaf age classes (Fig. S4m-t; Fig. S5m-t; Fig. S6m-t). For example, 

PRI, a metric of leaf level intrinsic light use efficiency (Gamon et al., 1992; Penuelas et al., 1995) 

and pigment pools and fluxes, shows a strong negative correlation with branch height, expected 

because shaded leaves have much higher light use efficiency than sunlit leaves (Boardman, 1977; 

Lichtenthaler et al., 1981). 
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 Importantly, leaves within similar growth environments had similar leaf trait–age relations 

even between distant sites. For example, Peru canopy sunlit samples and Brazil canopy and mid-

canopy samples largely overlapped in both growth-environments and leaf trait values (Fig. 8), but 

were significantly different from Brazilian understory leaves in growth-environments and leaf trait 

values. This suggests that growth-environments can play a critical role in shaping leaf traits and 

that these may effectively capture differences across distant tropical forest sites. 

 4. Height is more important than light as an index of canopy growth environment.  

 Although both branch height and depth (indices of canopy growth environments) 

influenced leaf traits, spectra, and VIs within vertical canopy profiles, branch height was more 

significantly related with the majority of these leaf properties compared to branch depth. This 

pattern is consistent with findings of a previous comprehensive study at Costa-Rican tropical 

rainforests (Cavaleri et al., 2010).  The potential underlying reason is that branch height is a proxy 

integrating effects of both light environment and gravitational components of leaf water potential 

(Burgess & Dawson, 2007; Cavaleri et al., 2010), while branch depth is a proxy more associated 

with light environment (Fig. S3). Since multiple resources (i.e. light, water, nutrients) and 

environments (i.e. temperature, relative humidity) constrain leaf properties within vertical canopy 

profiles, the more comprehensive index of integrated growth-environments (in this case, branch 

height) is expected to have closer association with traits than the more specific index (branch 

depth).  

To summarize, leaf age and leaf growth environments are together responsible for most of 

our observed leaf trait and spectral variability. Leaf spectral variation, whether induced by leaf 

aging and/or changes in growth-environments, is biophysically coupled with changes in leaf traits 
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(Curran, 1989; Carter et al., 1989; Jacquemoud & Baret, 1990), suggesting that a general model 

of leaf age may be derived from spectra, setting the stage for our second question. The broad trait 

variability induced by leaf development and growth environment suggests that even leaf samples 

from a small set of individuals, if designed to encompass this breadth, may provide a powerful tool 

to predict leaf development across other unmeasured tropical forests, and even forest systems in 

other biomes. However, further studies integrating a common measurement protocol, multiple 

sites, biomes, and plant types are needed to develop globally generalizable algorithms. 

 

II. Are there sufficiently consistent relationships among traits and ages that allow a single 

model to predict leaf ages from spectra across sites and changing growth environments? 

 In general, we find that the answer to this question is yes:  leaf traits (co-varying with leaf 

spectra) are evidently constrained by ontogenetic physiology and vary systematically and 

predictably with leaf age between forest sites thousands of kilometers apart and across canopy 

growth environments ranging from the fully sunlit canopy leaves to the relative darkness of 

understory leaves. This result can be further divided into three key findings: 

 

1. A single model, developed to predict leaf age from the spectra of sunlit leaves in a southwestern 

Amazon forest in Peru, predicts sunlit leaf ages from a central eastern Amazon forest in Brazil 

almost as well without recalibration.  

 The generality of the model for sunlit leaf age (R2=0.77, RMSE=61.8 days for Brazilian 

canopy sunlit leaves vs R2=0.83, RMSE=54.8 days for Peruvian leaves, Fig. 5a,b) suggests that 

general rules constrain ontogenic development within similar growth environments (Fig. 8), and 
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possibly, once differences in growth environments are accounted for, across all tropical leaves (see 

finding 2, below). The underlying reason, as discussed in finding 2 under question 1, above, is that 

key spectral regions were consistently associated with age across leaf samples of all environments. 

Further, since our observed general pattern as to age-dependent spectra variation (Fig. 3) was also 

reported for non-tropical species (Dillen et al., 2011; Nilson et al., 2012; Yang et al., 2014), we 

thus hypothesize that this model might also work for leaves grown in other environments including 

non-tropical regions. 

2. Because leaf traits (and hence spectra) vary substantially with growth environments, a more 

general model to accurately predict leaf ages across environments (including both canopy and 

subcanopy trees) can be developed (e.g. by incorporating the samples of wider trait ranges).   

 Leaf ages predicted by the Peru-trained “reference” model deviated from observed ages in 

a way that systematically and predictably depended on canopy growth environments and leaf traits 

(Fig 6, 7). As might be expected, the most significant deviations were found for shaded and 

subcanopy leaves, which came from environments different from those used to train the reference 

model (sunlit canopy leaves), and had trait values that fell outside the range exhibited by those 

“reference model” leaves (Fig. 8). These observations supported the ideas of (a) a model that 

explicitly included canopy growth environments and leaf traits as new predictor variables 

alongside leaf spectra (Fig. S8a,b; Table 2), and (b) a model that might be driven only by leaf 

spectra, but is parameterized by leaves that span the entire trait range found in diverse canopy 

environments (Fig. S8a,c; Table 2).   

 Both of these approaches significantly improved model generality (Fig. S8; Table 2), but 

the spectra-only model, parameterized by leaves across all canopy environments, performed better 
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than one fit to a specific subset of traits.  We presume this is because spectra are jointly influenced 

by all leaf traits, whether measured or unmeasured, and therefore this spectral model had more 

predictive power because it could implicitly account for the effects of unmeasured traits. 

3. Systematic residual variation between predictions of the spectra-age model and observations of 

leaf age suggests that leaf age modeling may be further improved. The residuals of the spectra-age 

model (Fig. S9) showed a concave nonlinear relationship between the fit error and observed leaf 

age, with both young and old leaves being over-estimated. This suggests that even better models 

of leaf age may be possible with further work that identifies the causes of this residual variation, 

and/or through the inclusion of additional leaf variation to expand the range of the modeling 

approach.   

 

5. Conclusion   

      The finding of consistent correlations among leaf traits, spectra, and age across tree species, 

sites, and growth environments supported the development of a general spectra-age model that 

showed strong predictive capacity of leaf age across the observed ontogenic and environmental 

variation. This study has three important implications for the broader plant science and remote 

sensing communities.  

 First, if leaf spectra-age relationships are general, as this work suggests, collecting leaf 

spectra should allow rapid and efficient estimation of leaf ages across tropical forests. Together 

with previous studies of spectral-leaf traits correlations (Asner et al., 2012, 2014; Serbin et al., 

2012, 2014), this opens a new avenue for reconstructing life histories of multiple physiochemical 
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properties of leaves. Spectrally-derived life cycles should give insights into the fundamental 

mechanisms that regulate the life-cycle of resource investments and return in leaves. 

Second, the consistent spectra-age correlation suggests that remotely sensed observations 

using imaging spectroscopy (also known as “hyperspectral”) data could enable the monitoring and 

mapping of leaf age compositions across tree crowns and whole landscapes, providing powerful 

insights into temporal dynamics in forest canopies, even from single snapshots in time. It also 

implies that changes in leaf age likely affect commonly used spectrally-based VIs (e.g. NDVI and 

EVI) and that remote sensing studies of tropical forest seasonality and phenology should account 

for leaf age effects.  

Finally, there are important theoretical implications of the finding that leaf traits can vary 

substantially over their life histories, generating as much or more within-species than between-

species variation. If fundamental evolutionary rules constrain the co-variations among spectra, 

traits, and age both within and between species, then studies that seek insights into these rules (e.g, 

via analysis of leaf economics, Wright et al., 2004; Osnas et al., 2013), should be expanded from 

their traditional focus on species, generally collected at peak season, to include leaf developmental 

effects on key physiological traits.   
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Table 1. Species (or branches—the same species but of different growth environments) and 

structural information of trees sampled for leaf spectral and physiochemical measurements at the 

Brazil site and Peru site.  

Field 

Site 

Branch ID Species Family DBH 

(m) 

Canopy 

Position 

Branch 

Height (m) 

Branch 

Depth 

(m) 

Old LMA 

(g/m2) 

Old LWC 

(%) 

Brazil E. uncinatum _SU Erisma uncinatum 

Warm. 

Vochysiaceae 

 

1.48 Canopy Sun 39.0 1.0 192.60 49.63 

Brazil E. uncinatum _SH Erisma uncinatum 

Warm. 

Vochysiaceae 

 

1.48 Canopy 

Shade 

30.0 10.0 130.79 48.33 

Brazil Ocotea sp _SU Ocotea sp. Lauraceae 0.73 Canopy Sun 37.0 1.0 131.37 47.57 

Brazil Ocotea sp _SH Ocotea sp. Lauraceae 0.73 Canopy 

Shade 

32.5 5.5 91.17 45.28 

Brazil M.huberi _SU Manilkara huberi 

(Ducke) A. Chev. 

Sapotaceae 0.92 Canopy Sun 37.5 0.5 229.94 49.18 

Brazil M.huberi _SH Manilkara huberi 

(Ducke) A. Chev. 

Sapotaceae 0.92 Canopy 

Shade 

31.2 6.8 218.25 50.39 

Brazil C.scleroxylon _SU Chamaecrista 

scleroxylon 

(Ducke) H.S.Irwin 

& Barneby 

Leguminosae-

Caesalpinioideae 

0.47 Canopy Sun 24.5 1.0 80.47 49.79 

Brazil C.scleroxylon _SH Chamaecrista 

scleroxylon 

(Ducke) H.S.Irwin 

& Barneby 

Leguminosae-

Caesalpinioideae 

0.47 Canopy 

Shade 

20.0 5.5 59.31 55.74 

Brazil E.uchi_MC Endopleura uchi 

(Huber) Cuatrec. 

Humiriaceae 0.46 Middle 

Canopy 

24.5 16.5 114.19 46.01 

Brazil E.coriacea_MC  Eschweilera 

coriacea 

Lecythidaceae 0.25 Middle 

Canopy 

22.8 15.2 122.01 44.63 

Brazil H.courbaril_MC Hymenaea 

courbaril L. 

Leguminosae-

Caesalpinioideae 

0.45 Middle 

Canopy 

30.0 11.0 117.21 52.02 

Brazil Miconia sp_US Miconia-sp. Melastomataceae 0.14 Understory 13.7 29.3 58.62 61.37 

Brazil G.amazonicum_US Glycydendron 

amazonicum 

(Ducke) 

Euphorbiaceae 0.11 Understory 7.7 33.3 54.74 62.96 

Brazil M.ruficalyx_US Miconia ruficalyx 

Gleason 

Melastomataceae                                                       0.14 Understory 13.5 12.0 54.73 59.8 

Brazil V. elongate_US Virola elongata 

(Benth.) Warb. 

Myristicaceae 0.17 Understory 19.0 6.5 75.65 59.84 

Peru 1 Licania 

brittoniana 

Chrysobalanaceae 1.88 

 

Canopy Sun 29.5 0.5 121.09 49.89 

Peru 3 Quassia simaruba  Simaroubaceae 1.62 Canopy Sun 29.0 0.5 188.04 44.49 

Peru 
4 

Ruizodendron 

ovale  
Annonaceae 1.23 

Canopy Sun 32.6 0.5 91.27 50.53 

Peru 
5 

Aspidosperma 

parvifolium  
Apocynaceae 1.57 

Canopy Sun 33.7 0.5 110.94 55.09 

Peru 
6 

Couratari 

macrosperma  
Lecythidaceae 1.43 

Canopy Sun 33.7 0.5 170.65 45.78 

Peru 7 Licania longistyla  Chrysobalanacea 1.43 Canopy Sun 30.3 0.5 125.87 37.70 

Peru 
8 

Bertholletia 

excelsa  
Lecythidaceae 2.30 

Canopy Sun 34.0 0.5 147.93 45.07 

Peru 
9 

Tachigali 

chrysaloides  
Caesalpinioideae 2.10 

Canopy Sun 29.7 0.5 180.51 47.29 

Peru 
10 

Clarisia 

racemosa  
Moraceae 1.58 

Canopy Sun 33.8 0.5 120.86 49.76 

Peru 
11 

Eschweilera 

coriacea  
Lecythidaceae 1.88 

Canopy Sun 33.3 0.5 157.55 46.61 

Peru 
12 

Gautteria 

boliviana 
Annonaceae 1.17 

Canopy Sun 31.9 0.5 113.31 52.22 

Peru 
13 

Pouteria 

franciscana 
Sapotacea 2.37 

Canopy Sun 35.4 0.5 124.72 48.31 
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Table 2. Spectrally-based leaf age model performance for Brazil data under four scenarios: 

“Reference” —using Peru spectra in a PLSR analysis of leaf age; “Spectra+trait” using Peru 

spectra and growth environments (branch height and depth) and corresponding mean leaf traits in 

a PLSR analysis of leaf age; “All+spectra”—using both Peru and Brazil spectra in a PLSR analysis 

of leaf age; and “All+spectra+trait”—using both Peru and Brazil spectra, together with growth 

environment (branch height and depth) and corresponding mean leaf traits in a PLSR analysis of 

leaf age. 

Scenarios Brazil Canopy Sun Brazil Canopy 
Shade 

Brazil Mid-Canopy Brazil Understory Brazil All 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

Reference 0.77 61.8 0.77 62.4 0.71 79.9 0.47 89.8 0.64 72.3 
Spectra+trait 0.76 75.1 0.80 56.7 0.77 78.1 0.57 87.5 0.69 73.7 

All+spectra 0.84 45.1 0.89 48.2 0.82 48.2 0.73 71.7 0.79 53.2 

All+spectra+trait 0.85 46.7 0.88 48.7 0.78 47.0 0.82 60.0 0.81 50.4 
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Figure Legends 

Figure 1.  Location of sites in the Amazon basin, including the Peru site in red triangle and the 

Brazil site in red circle. The black line indicates the boundary of the Amazon basin. The 

background is a map of dry season length (in months; see color legend), which is derived from 

Tropical Rainfall Measuring Mission (TRMM) satellite data from 1998 to 2013.   

 

Figure 2. Leaf traits (leaf mass per area, LMA and leaf water content, LWC) change with leaf age 

and canopy status at the Brazil site. (a): LMA; (b): LWC. Different species (or same species with 

different growth environments) are represented by different color lines and ID codes in the legend 

(composited by species name_growth environments, see Table 1, with four categories of growth 

environments: ‘SU’ sunlit canopy, ‘SH’ shaded canopy, ‘MC’ mid-canopy, and ‘US’ understory, 

with solid lines for sunlit canopy environment, and dashed lines for others); R2 is the proportion 

of variation in the trait that is explained by leaf age (model:  log(trait) = a * log(age) +b . *** 

indicates p<10-5; NA indicates not significant (p>0.05). 

 

Figure 3. Mean leaf level hyperspectral reflectance for three age classes at the Brazil site: (a) 

young (20-60 days), (b) mature (150-220 days), and (c) old (≥300 days) age classes. Different 

species (or same species with different growth environments) are represented by different color 

lines and ID codes in the legend (composited by species name_growth environments, see Table 1, 

with four categories of growth environments: ‘SU’ sunlit canopy, ‘SH’ shaded canopy, ‘MC’ mid-

canopy, and ‘US’ understory, with solid lines for canopy sun environment, and dashed lines for 

others); (d): Normalized differences of young, mature, and old leaf spectra from the mean leaf 

spectra (solid lines +/- shaded 95% confidence interval). Note:  Normalized difference = (mean 

reflectance within age class – mean reflectance across all ages)/standard deviation of reflectance 

across all ages.   

 

Figure 4. Mean traits of multiple-replicate mature leaves (150-220 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top. 
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Traits are (a-b) leaf mass per area (LMA), (c-d) leaf water content (LWC), and (e-h) leaf level 

reflectance values (Red at 680 nm and NIR at 800 nm), (i-j) leaf level vegetation indices (NDVI 

(680, 800 nm) and PRI (531, 570 nm)). Samples include “independent community dataset” (40 

species; black circles) representing the local community. Branch height (a proxy integrating effects 

of both light environment and gravitational component of leaf water potential) better predicts leaf 

traits than does branch depth (a proxy of light environment; Fig. S3).  

 

Figure 5. Cross-site spectra-age model results for data from both Peruvian and Brazilian sites, 

based on fitting Partial Least Squares Regression (PLSR) models to a subset of observations at the 

Peru site only (i.e., the Peru training dataset): (a): Root Mean Square Error (RMSE) between 

observed and modeled leaf age plotted against the number of latent variables selected for PLSR 

models; (b): The proportion of variation in leaf age explained by PLSR models (R2) plotted against 

the number of latent variables incorporated. Different symbols in (a) and (b) represent different 

datasets (see Table 1): Peru training data (grey triangles, n=12 trees); Peru testing data (black 

triangles, n=12); Brazil canopy trees, sun branches (red circles, n=4); Brazil canopy trees, shade 

branches (yellow circles, n=4); Brazil mid-canopy (green circles, n=3); Brazil understory trees 

(blue circles, n=4); the optimal model (RMSE minimized and R2 maximized for Brazil validation 

datasets not used in model fitting) emerges for 5 latent variables. (c): Spectral regression 

coefficients for the final PLSR model with 5 latent variables; (d): Variable Importance in 

Projection (VIP) for the final PLSR model with 5 latent variables (spectral features greater than 

0.8 represent the important spectral regions for leaf age modeling).   

 

Figure 6. Performance of the Peru-trained spectral leaf age model (optimal 5-variable model, Fig 

5) for the Brazilian samples from four canopy strata (a)-(d): canopy sun; (e)-(h): canopy shade; 

(i)-(k): mid-canopy; (l)-(o): understory. Black lines: OLS regression; dash lines: 1:1 line. R2 is the 

proportion of variation in leaf age explained by Peru-trained spectral leaf age model after slope 

and intercept adjustment (OLS analysis), and RMSE is the corresponding Root Mean Square Error. 
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Figure 7. Branch specific OLS regressed slope and intercept (see Fig. 6) between modeled and 

observed leaf age plotted against branch height and mean leaf traits (leaf mass per area-LMA) at 

the Brazil site, where the Peru-trained spectrally-based leaf age model was used here (optimal 5-

variable model, Fig 5). (a): Slope vs. branch height; (b): Slope vs. LMA; (c): Intercept vs. branch 

height; (d): Intercept vs. LMA.  

 

Figure 8. (a): Probability distribution of branch height for both the Peru training data (in grey line) 

and the Brazil data (in dark green line), with color symbols indicate the branch height for each 

sample; (b): Leaf trait scatter plot (between  leaf mass per area (LMA) and leaf water content 

(LWC)) for the Peru and Brazil leaf samples (Table 1). Red rectangles in (a) and (b) indicate the 

samples of similar branch height and their leaf traits value at both Peru and Brazil sites.  
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Supporting Information 

Figure S1. Leaf age monitoring at the Brazil site was carried out by using metal tags and in-situ 

photo-documentation. In-situ photographs acquired on three different dates are displaying leaf age 

progressions for M.ruficalyx (a-c; Table 1), for C.scleroxylon (d-f; Table 1), and for E.uncinatum. 

(g-i; Table 1).  

 

Figure S2. Flow-chart for spectra-trait analysis by using Partial Least Squares Regression 

(PLSR). 

 

Figure S3. Leaf light environments (approximated by gap fraction above each sampled branch, 

derived from in-situ hemispherical photos) at the Brazil site along vertical profiles of (a) branch 

height above the ground, and (b) branch depth below the local canopy top.  Branch depth is a 

significantly better proxy of light environment (R2=0.71) than branch height above the ground is 

(R2=0.41). 

 

Figure S4. Mean traits of multiple-replicate young leaves (20-60 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy for integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than branch depth does (a proxy of light environment). 

 

Figure S5. Mean traits of multiple-replicate mature leaves (150-220 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 
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column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than branch depth does (a proxy of light environment).  

 

Figure S6. Mean traits of multiple-replicate old leaves (>300 days) at the Brazil site along vertical 

profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than does branch depth (a proxy of light environment). 

 

Figure S7. Branch specific OLS regressed slope and intercept (see Fig. 6) between modeled and 

observed leaf age plotted against branch depth and mean leaf traits (leaf water content - LWC) at 

the Brazil site, where the Peru-trained spectrally-based leaf age model was used here (optimal 5-

variable model, Fig 5). (a): Slope vs. branch depth; (b): Slope vs. LWC; (c): Intercept vs. branch 

depth; (d): Intercept vs. LWC.  
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Figure S8. Performance of a spectrally-based leaf age model for the Brazilian leaf samples under 

four scenarios by whether or not incorporating two treatments. Left and right panels are the 

scenarios as to treatment 1: whether the information on growth environment (branch height/depth) 

and leaf traits were added (right) or not (left) for training the spectra-age model. Bottom and top 

panels are the scenarios as to treatment 2: whether samples from the full range of trait values 

(including both Peru and Brazil leaf samples) were used (bottom) or not (top) for training the 

spectra-age model. Four different color circles represent the leaf samples from Brazil canopy sun 

(red circles; n=4 trees), Brazil canopy shade (yellow circles; n=4), Brazil mid-canopy (green 

circles; n=3), and Brazil understory trees (blue circles; n=4). Four different color lines represent 

the corresponding ordinary least regression (OLS) between predicted and observed leaf ages; 

central grey line represents the OLS analysis for all Brazil samples.  

 

Figure S9. Leaf age residuals (observed age – modeled age) plotted against observed age, where 

the Peru-trained spectrally-based leaf age model was used here (optimal 5-variable model, Fig 5). 

(a): Peru training data; (b): Peru testing data; (c): Brazil data. The grey circles indicate each 

individual leaf, and the black lines indicate the quadratic fitting curve.   

 

Table S1. Trait range (min and max) of both Peruvian and Brazilian data for normalizing leaf traits 

and VIs into 0-1 range.  

 

Supporting Methods: PLSR analysis for leaf age model 

PLSR leaf age models were fit by the following steps (Fig. S2): (1) filtering of outliers 

(which removed ~5% of data) following the Monte-Carlo sampling method for outlier detection 

(Xu and Liang, 2001); (2) the filtered dataset was randomly divided into training (70%) and testing 

(30%) datasets; (3) 10-fold cross validation with 100-time replications was applied to the training 

dataset for the PLSR modeling, with the number of latent variables for PLSR analysis ranging 

from 1 to 20; (4) we applied the trained regression coefficients to the testing dataset, and assessed 

the model performance using root mean square error (RMSE) (mean Euclidean distance between 

model and observation), and R2 (the proportion of variance of observation explained by model); 



 

 189 

(5) we identified the optimal number of latent variables by selecting the model corresponding to 

the minimum RMSE and maximum R2.   

       We implemented model fits according to the above steps to the entire spectra (400–2500 nm), 

using the MCS function from LibPLS (http://www.libpls.net) for outlier removal, PLSREGRESS 

function in Matlab (Mathworks, Natick, MA, USA) for PLSR analysis, and custom Matlab 

functions for the other steps. 

 

http://www.libpls.net/
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Main Figures and Tables 

Figure 1.  Location of sites in the Amazon basin, including the Peru site in red triangle and the 

Brazil site in red circle. The black line indicates the boundary of the Amazon basin. The 

background is a map of dry season length (in months; see color legend), which is derived from 

Tropical Rainfall Measuring Mission (TRMM) satellite data from 1998 to 2013.   
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Figure 2. Leaf traits (leaf mass per area, LMA and leaf water content, LWC) change with leaf age 

and canopy status at the Brazil site. (a): LMA; (b): LWC. Different species (or same species with 

different growth environments) are represented by different color lines and ID codes in the legend 

(composited by species name_growth environments, see Table 1, with four categories of growth 

environments: ‘SU’ sunlit canopy, ‘SH’ shaded canopy, ‘MC’ mid-canopy, and ‘US’ understory, 

with solid lines for sunlit canopy environment, and dashed lines for others); R2 is the proportion 

of variation in the trait that is explained by leaf age (model:  log(trait) = a * log(age) +b . *** 

indicates p<10-5; NA indicates not significant (p>0.05). 
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Figure 3. Mean leaf level hyperspectral reflectance for three age classes at the Brazil site: (a) 

young (20-60 days), (b) mature (150-220 days), and (c) old (≥300 days) age classes. Different 

species (or same species with different growth environments) are represented by different color 

lines and ID codes in the legend (composited by species name_growth environments, see Table 1, 

with four categories of growth environments: ‘SU’ sunlit canopy, ‘SH’ shaded canopy, ‘MC’ mid-

canopy, and ‘US’ understory, with solid lines for canopy sun environment, and dashed lines for 

others); (d): Normalized differences of young, mature, and old leaf spectra from the mean leaf 

spectra (solid lines +/- shaded 95% confidence interval). Note:  Normalized difference = (mean 

reflectance within age class – mean reflectance across all ages)/standard deviation of reflectance 

across all ages.   
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Figure 4. Mean traits of multiple-replicate mature leaves (150-220 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top. 

Traits are (a-b) leaf mass per area (LMA), (c-d) leaf water content (LWC), and (e-h) leaf level 

reflectance values (Red at 680 nm and NIR at 800 nm), (i-j) leaf level vegetation indices (NDVI 

(680, 800 nm) and PRI (531, 570 nm)). Samples include “independent community dataset” (40 

species; black circles) representing the local community. Branch height (a proxy integrating effects 

of both light environment and gravitational component of leaf water potential) better predicts leaf 

traits than does branch depth (a proxy of light environment; Fig. S3).  
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Figure 5. Cross-site spectra-age model results for data from both Peruvian and Brazilian sites, 

based on fitting Partial Least Squares Regression (PLSR) models to a subset of observations at the 

Peru site only (i.e., the Peru training dataset): (a): Root Mean Square Error (RMSE) between 

observed and modeled leaf age plotted against the number of latent variables selected for PLSR 

models; (b): The proportion of variation in leaf age explained by PLSR models (R2) plotted against 

the number of latent variables incorporated. Different symbols in (a) and (b) represent different 

datasets (see Table 1): Peru training data (grey triangles, n=12 trees); Peru testing data (black 

triangles, n=12); Brazil canopy trees, sun branches (red circles, n=4); Brazil canopy trees, shade 

branches (yellow circles, n=4); Brazil mid-canopy (green circles, n=3); Brazil understory trees 

(blue circles, n=4); the optimal model (RMSE minimized and R2 maximized for Brazil validation 

datasets not used in model fitting) emerges for 5 latent variables. (c): Spectral regression 

coefficients for the final PLSR model with 5 latent variables; (d): Variable Importance in 

Projection (VIP) for the final PLSR model with 5 latent variables (spectral features greater than 

0.8 represent the important spectral regions for leaf age modeling).   
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Figure 6. Performance of the Peru-trained spectral leaf age model (optimal 5-variable model, Fig 

5) for the Brazilian samples from four canopy strata (a)-(d): canopy sun; (e)-(h): canopy shade; 

(i)-(k): mid-canopy; (l)-(o): understory. Black lines: OLS regression; dash lines: 1:1 line. R2 is the 

proportion of variation in leaf age explained by Peru-trained spectral leaf age model after slope 

and intercept adjustment (OLS analysis), and RMSE is the corresponding Root Mean Square Error. 
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Figure 7. Branch specific OLS regressed slope and intercept (see Fig. 6) between modeled and 

observed leaf age plotted against branch height and mean leaf traits (leaf mass per area-LMA) at 

the Brazil site, where the Peru-trained spectrally-based leaf age model was used here (optimal 5-

variable model, Fig 5). (a): Slope vs. branch height; (b): Slope vs. LMA; (c): Intercept vs. branch 

height; (d): Intercept vs. LMA.  
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Figure 8. (a): Probability distribution of branch height for both the Peru training data (in grey line) 

and the Brazil data (in dark green line), with color symbols indicate the branch height for each 

sample; (b): Leaf trait scatter plot (between  leaf mass per area (LMA) and leaf water content 

(LWC)) for the Peru and Brazil leaf samples (Table 1). Red rectangles in (a) and (b) indicate the 

samples of similar branch height and their leaf traits value at both Peru and Brazil sites.  

 
  



 

 200 

Table 1. Species (or branches—the same species but of different growth environments) and 

structural information of trees sampled for leaf spectral and physiochemical measurements at the 

Brazil site and Peru site.  

Field 

Site 

Branch ID Species Family DBH 

(m) 

Canopy 

Position 

Branch 

Height (m) 

Branch 

Depth 

(m) 

Old LMA 

(g/m2) 

Old LWC 

(%) 

Brazil E. uncinatum _SU Erisma uncinatum 

Warm. 

Vochysiaceae 

 

1.48 Canopy Sun 39.0 1.0 192.60 49.63 

Brazil E. uncinatum _SH Erisma uncinatum 

Warm. 

Vochysiaceae 

 

1.48 Canopy 

Shade 

30.0 10.0 130.79 48.33 

Brazil Ocotea sp _SU Ocotea sp. Lauraceae 0.73 Canopy Sun 37.0 1.0 131.37 47.57 

Brazil Ocotea sp _SH Ocotea sp. Lauraceae 0.73 Canopy 

Shade 

32.5 5.5 91.17 45.28 

Brazil M.huberi _SU Manilkara huberi 

(Ducke) A. Chev. 

Sapotaceae 0.92 Canopy Sun 37.5 0.5 229.94 49.18 

Brazil M.huberi _SH Manilkara huberi 

(Ducke) A. Chev. 

Sapotaceae 0.92 Canopy 

Shade 

31.2 6.8 218.25 50.39 

Brazil C.scleroxylon _SU Chamaecrista 

scleroxylon 

(Ducke) H.S.Irwin 

& Barneby 

Leguminosae-

Caesalpinioideae 

0.47 Canopy Sun 24.5 1.0 80.47 49.79 

Brazil C.scleroxylon _SH Chamaecrista 

scleroxylon 

(Ducke) H.S.Irwin 

& Barneby 

Leguminosae-

Caesalpinioideae 

0.47 Canopy 

Shade 

20.0 5.5 59.31 55.74 

Brazil E.uchi_MC Endopleura uchi 

(Huber) Cuatrec. 

Humiriaceae 0.46 Middle 

Canopy 

24.5 16.5 114.19 46.01 

Brazil E.coriacea_MC  Eschweilera 

coriacea 

Lecythidaceae 0.25 Middle 

Canopy 

22.8 15.2 122.01 44.63 

Brazil H.courbaril_MC Hymenaea 

courbaril L. 

Leguminosae-

Caesalpinioideae 

0.45 Middle 

Canopy 

30.0 11.0 117.21 52.02 

Brazil Miconia sp_US Miconia-sp. Melastomataceae 0.14 Understory 13.7 29.3 58.62 61.37 

Brazil G.amazonicum_US Glycydendron 

amazonicum 

(Ducke) 

Euphorbiaceae 0.11 Understory 7.7 33.3 54.74 62.96 

Brazil M.ruficalyx_US Miconia ruficalyx 

Gleason 

Melastomataceae                                                       0.14 Understory 13.5 12.0 54.73 59.8 

Brazil V. elongate_US Virola elongata 

(Benth.) Warb. 

Myristicaceae 0.17 Understory 19.0 6.5 75.65 59.84 

Peru 1 Licania 

brittoniana 

Chrysobalanaceae 1.88 

 

Canopy Sun 29.5 0.5 121.09 49.89 

Peru 3 Quassia simaruba  Simaroubaceae 1.62 Canopy Sun 29.0 0.5 188.04 44.49 

Peru 
4 

Ruizodendron 

ovale  
Annonaceae 1.23 

Canopy Sun 32.6 0.5 91.27 50.53 

Peru 
5 

Aspidosperma 

parvifolium  
Apocynaceae 1.57 

Canopy Sun 33.7 0.5 110.94 55.09 

Peru 
6 

Couratari 

macrosperma  
Lecythidaceae 1.43 

Canopy Sun 33.7 0.5 170.65 45.78 

Peru 7 Licania longistyla  Chrysobalanacea 1.43 Canopy Sun 30.3 0.5 125.87 37.70 

Peru 
8 

Bertholletia 

excelsa  
Lecythidaceae 2.30 

Canopy Sun 34.0 0.5 147.93 45.07 

Peru 
9 

Tachigali 

chrysaloides  
Caesalpinioideae 2.10 

Canopy Sun 29.7 0.5 180.51 47.29 

Peru 
10 

Clarisia 

racemosa  
Moraceae 1.58 

Canopy Sun 33.8 0.5 120.86 49.76 

Peru 
11 

Eschweilera 

coriacea  
Lecythidaceae 1.88 

Canopy Sun 33.3 0.5 157.55 46.61 

Peru 
12 

Gautteria 

boliviana 
Annonaceae 1.17 

Canopy Sun 31.9 0.5 113.31 52.22 

Peru 
13 

Pouteria 

franciscana 
Sapotacea 2.37 

Canopy Sun 35.4 0.5 124.72 48.31 
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Table 2. Spectrally-based leaf age model performance for Brazil data under four scenarios: 

“Reference” —using Peru spectra in a PLSR analysis of leaf age; “Spectra+trait” using Peru 

spectra and growth environments (branch height and depth) and corresponding mean leaf traits in 

a PLSR analysis of leaf age; “All+spectra”—using both Peru and Brazil spectra in a PLSR analysis 

of leaf age; and “All+spectra+trait”—using both Peru and Brazil spectra, together with growth 

environment (branch height and depth) and corresponding mean leaf traits in a PLSR analysis of 

leaf age. 

Scenarios Brazil Canopy Sun Brazil Canopy 
Shade 

Brazil Mid-Canopy Brazil Understory Brazil All 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

R2 RMSE 

(days) 

Reference 0.77 61.8 0.77 62.4 0.71 79.9 0.47 89.8 0.64 72.3 
Spectra+trait 0.76 75.1 0.80 56.7 0.77 78.1 0.57 87.5 0.69 73.7 

All+spectra 0.84 45.1 0.89 48.2 0.82 48.2 0.73 71.7 0.79 53.2 

All+spectra+trait 0.85 46.7 0.88 48.7 0.78 47.0 0.82 60.0 0.81 50.4 
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Supplementary Figures and Tables  

Figure S1. Leaf age monitoring at the Brazil site was carried out by using metal tags and in-situ 

photo-documentation. In-situ photographs acquired on three different dates are displaying leaf age 

progressions for M.ruficalyx (a-c; Table 1), for C.scleroxylon (d-f; Table 1), and for E.uncinatum. 

(g-i; Table 1).  
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Figure S2. Flow-chart for spectra-trait analysis by using Partial Least Squares Regression 

(PLSR). 
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Figure S3. Leaf light environments (approximated by gap fraction above each sampled branch, 

derived from in-situ hemispherical photos) at the Brazil site along vertical profiles of (a) branch 

height above the ground, and (b) branch depth below the local canopy top.  Branch depth is a 

significantly better proxy of light environment (R2=0.71) than branch height above the ground is 

(R2=0.41). 
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Figure S4. Mean traits of multiple-replicate young leaves (20-60 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy for integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than branch depth does (a proxy of light environment). 
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Figure S5. Mean traits of multiple-replicate mature leaves (150-220 days) at the Brazil site along 

vertical profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than branch depth does (a proxy of light environment).  
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Figure S6. Mean traits of multiple-replicate old leaves (>300 days) at the Brazil site along vertical 

profiles, with branch height indicating the height of sampled leaves above the ground (left 

column), and branch depth indicating the depth of leaves sampled below the local canopy top (a 

strong proxy of light environment, see Fig. S1). Traits are (a-b) leaf mass per area (LMA), (c-d) 

leaf water content (LWC), and (e-l) leaf level reflectance values (Red at 680 nm, Green at 550 nm, 

NIR at 800 nm, and SWIR at 1440 nm), (m-t) leaf level vegetation indices (NDVI (680, 800 nm), 

EVI2 (680, 800 nm), PRI (531, 570 nm), and NDWI (860, 1240 nm)).  Samples include 

“independent community dataset” (40 species; grey circles) for representing local community, and 

current “spectra-age dataset” (11 species; black squares). Branch height (a proxy integrating 

effects of both light environment and gravitational component of leaf water potential) better 

predicts leaf traits than does branch depth (a proxy of light environment). 
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Figure S7. Branch specific OLS regressed slope and intercept (see Fig. 6) between modeled and 

observed leaf age plotted against branch depth and mean leaf traits (leaf water content - LWC) at 

the Brazil site, where the Peru-trained spectrally-based leaf age model was used here (optimal 5-

variable model, Fig 5). (a): Slope vs. branch depth; (b): Slope vs. LWC; (c): Intercept vs. branch 

depth; (d): Intercept vs. LWC.  

 
  



 

 212 

Figure S8. Performance of a spectrally-based leaf age model for the Brazilian leaf samples under 

four scenarios by whether or not incorporating two treatments. Left and right panels are the 

scenarios as to treatment 1: whether the information on growth environment (branch height/depth) 

and leaf traits were added (right) or not (left) for training the spectra-age model. Bottom and top 

panels are the scenarios as to treatment 2: whether samples from the full range of trait values 

(including both Peru and Brazil leaf samples) were used (bottom) or not (top) for training the 

spectra-age model. Four different color circles represent the leaf samples from Brazil canopy sun 

(red circles; n=4 trees), Brazil canopy shade (yellow circles; n=4), Brazil mid-canopy (green 

circles; n=3), and Brazil understory trees (blue circles; n=4). Four different color lines represent 

the corresponding ordinary least regression (OLS) between predicted and observed leaf ages; 

central grey line represents the OLS analysis for all Brazil samples.  
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Figure S9. Leaf age residuals (observed age – modeled age) plotted against observed age, where 

the Peru-trained spectrally-based leaf age model was used here (optimal 5-variable model, Fig 5). 

(a): Peru training data; (b): Peru testing data; (c): Brazil data. The grey circles indicate each 

individual leaf, and the black lines indicate the quadratic fitting curve.   
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Table S1. Trait range (min and max) of both Peruvian and Brazilian data for normalizing leaf traits 

and VIs into 0-1 range.  

Range\Trait LMA 

(g/m2) 

Leaf Water 

% 

NDVI EVI2 PRI NDWI Branch 

height (m) 

Branch 

depth (m) 

Min 28 34 0.57 0.45 -0.17 -0.03 0 0 

Max 218 81 0.94 0.94 0.12 0.09 45 45 

 

 

 


