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Abstract. Forest disturbance and regrowth are key processes in forest dynamics but detailed information of these processes is 15 

difficult to obtain in remote forests as the Amazon. We used chronosequences of Landsat satellite imagery (Landsat 5 Thematic 

Mapper and Landsat 7 Enhanced Thematic Mapper Plus) to determine the sensitivity of surface reflectance from all spectral 

bands to windthrow, clearcutting, and burning clearcut and burned (cut+burn) and their successional pathways of forest 

regrowth in the Central Amazon. We also assess whether the forest demography model Functionally Assembled Terrestrial 

Ecosystem Simulator (FATES) implemented in the Energy Exascale Earth System Model (E3SM) Land Model (ELM), ELM-20 

FATES, accurately represents the changes for windthrow and clearcut. The results show that all spectral bands from Landsat 

satellite were sensitive to the disturbances but after 3 to 6 years only the Near Infrared (NIR) band had significant changes 

associated with the successional pathways of forest regrowth for all the disturbances considered. In general, the NIR decreased 

immediately after disturbance, increased to maximum values with the establishment of pioneers and early-successional tree 

species, and then decreased slowly and almost linearly to pre-disturbance conditions with the dynamics of forest succession. 25 

Statistical methods predict that NIR will return to pre-disturbance values in about 39 years (consistent with observational data 

of biomass regrowth following windthrows), and 36 and 56 years for clearcut and cut+burnburning. The NIR captured the 

observed successional pathways of forest regrowth after clearcut and burning cut+burn that diverge through time. ELM-

FATES predicted higher peaks of initial forest responses (e.g., biomass, stem density) after clearcuts than after windthrows, 

similar to the changes in NIR. However, ELM-FATES also predicted a faster recovery of forest structure and canopy-coverage 30 

back to pre-disturbance conditions for windthrows compared to clearcutsin 38 years after windthrows and 41 years after 

clearcuts. The similarity of ELM-FATES predictions of regrowth patterns after windthrow and clearcut to those of the NIR 

results suggest that the dynamics of forest regrowth for from these disturbances are represented with appropriate fidelity within 
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ELM-FATES can be used  and useful benchmark forest regrowth in ecosystem modelsas a benchmarking tool. Our result show 

the potential of Landsat imagery data for mapping of forests regrowth from different disturbances, benchmarking, and 35 

improvement of forest regrowth models. 

 

Keywords: Landsat, disturbances, regrowth, Vegetation Demographic Models, Amazon  

1 Introduction 

 40 

Old-growth tropical forests are declining in extent at accelerated rates due to deforestation (Keenan et al., 2015), and they 

currently occupy an area about 50% of their original coverage (FAO, 2010). This decline affects the carbon, water, and nutrient 

cycles of the ecosystems and accelerates the loss of ecosystem goods and services (Foley et al., 2007;Nobre et al., 2016). 

Furthermore, natural and anthropogenic disturbances may act synergistically to exacerbate forest degradation (Silverio et al., 

2018;Schwartz et al., 2017). Under natural conditions, disturbed forests recover to their pre-disturbance conditions through 45 

complex interactions that vary across spatial and temporal scales (Chazdon, 2014). In general, it is known that forest pathways 

of regrowth (i.e., pattern of regrowth) initiate with fast-growing and shade-intolerant species (pioneers) that establish from 

seeds and dominate a few years after disturbance, followed by recruitment and establishment of shade-tolerant species, and 

finally a closed-canopy old-growth forest (Chazdon, 2014;Denslow, 1980;Mesquita et al., 2001;Swaine and Whitmore, 1988). 

Understanding of the dynamics of forest regrowth following natural and anthropogenic disturbances in the Amazon, however, 50 

has so far been limited by lack of long-term observational data showing different stages of forest regrowth.  

 

Remote sensing data can be used to assess forest regrowth via changes in spectral characteristics (Frolking et al., 2009;Roberts 

et al., 2004;Schroeder et al., 2011;DeVries et al., 2015;Lucas et al., 2002;McDowell et al., 2015). Landsat satellite imagery is 

appropriate for examining land surface changes due to its long-term record availability and horizontal spatial resolution of 30 55 

m (Loveland and Dwyer, 2012;NASA, 2016;Wulder et al., 2012;Alcantara et al., 2011;Woodcock et al., 2008;Cohen and 

Goward, 2004;Hansen et al., 2013). Landsat imagery has been used to detect forest disturbance and pathways of regrowth in 

temperate and boreal forests in the Unites States and Canada (Kennedy et al., 2012;Pickell et al., 2016;Kennedy et al., 

2007;Kennedy et al., 2010;Schroeder et al., 2011;Dolan et al., 2009;Dolan et al., 2017) and for detection of forest disturbance 

and regrowth of biomass in the Amazon (Vieira et al., 2003;DeVries et al., 2015;Lucas et al., 2002;Powell et al., 2010;Lu and 60 

Batistella, 2005;Steininger, 2000;Shimabukuro et al., 2019). These studies suggest that Landsat may be sensitive to different 

types of disturbances and their subsequent pathways of forest regrowth in the Amazon, but this has not yet been assessed. 

 

The ability to forecast future trajectories of forests depends upon the fidelity with which disturbance and regrowth processes 

are represented within terrestrial biosphere models. These models capture processes operating between the leaf and landscape 65 



3 

 

scales and can represent regrowth changes over large regions (Fisk, 2015), long time periods (Holm et al., 2017;Putz et al., 

2014), a range of disturbance intensities (Powell et al., 2013), and interactions between multiple disturbance types and 

disturbance histories (Hurtt et al., 2006). But, an evaluation of how well these models simulate and capture the diverse array 

of successional pathways of forest regrowth after anthropogenic or natural disturbances needs to be more thoroughly evaluated, 

given observed increases in disturbance rates (Lewis et al., 2015). The few modeling studies analyzing tropical disturbances 70 

have focused on the effects of fragmented edges or the regrowth of specific tree species (Dantas de Paula et al., 

2015;Kammesheidt et al., 2002).  

 

Cohort-based dynamic Vegetation Demographic Models (VDMs) are particularly suitable tools for expanding upon these 

studies (Fisher et al., 2018). In contrast to traditional land surface models, VDMs include ecological demographic processes, 75 

such as discretized vegetation height, with different plant types competing for light within the same vertical profile, and 

heterogeneity in light availability along disturbance and recovery trajectories, all of which facilitate direct simulation of 

regrowth dynamics during succession. This structured demography in VDMs allows for simulation of canopy gap formation, 

competitive exclusion, and co-existence of vegetation, thus producing variability in forest stand age and composition (Fisher 

et al., 2010;Moorcroft et al., 2001;Longo et al., 2019). VDMs are designed for vegetation to dynamically respond to variation 80 

in traits (Fyllas et al., 2014) leading to differences in plant mortality, growth, and recruitment rates (Shugart and West, 1980). 

These attributes influence the ecosystem fluxes of carbon, energy, and water (Bonan, 2008). Despite their potential for 

simulating regrowth processes, there has been limited VDM testing of regrowth following tropical forest disturbances. 

Importantly, projections of future climate using earth system models (ESMs) are strongly influenced by the terrestrial carbon 

cycle in the tropics (Arora et al., 2013;Friedlingstein et al., 2014), which is strongly regulated by disturbance and regrowth 85 

(Chazdon et al., 2016;Trumbore et al., 2015;Magnabosco Marra et al., 2018). 

 

Observational studies have shown that Amazon forests follow a range of successional regrowth pathways after clearcutting 

and burning (Mesquita et al., 2001;Mesquita et al., 2015). Thus, the type of disturbance and the pre-disturbance ecosystem 

state are important determinants of the successional pathways of forest regrowth. Nonetheless, this information is difficult to 90 

obtain in remote forests of the Amazon. In this study, we addressed this issue in the context of windthrow, clearcutting, and 

clearcut and burning (cut+burn) disturbances to analyze (i) the sensitivity of Landsat to detect and distinguish these relevant 

disturbances and their pathways of forest regrowth and (ii) the timespan of forest regrowth. This understanding of forest 

regrowth was used to (iii) test the modeled forest regrowth of the Functionally Assembled Terrestrial Ecosystem Simulator 

(FATES) (Fisher et al., 2015) implemented in the Energy Exascale Earth System Model (E3SM) land model (ELM) (Riley et 95 

al., 2018),: ELM-FATES. This study provides insights on the use of remote sensing to identify drivers of forest disturbance in 

the Amazon and a better understanding of the pathways of forest regrowth provides insights into the resilience of these forests 

to repeated disturbances and can help improve land models. 
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2 Study Area and Methods 100 

 

2.1 Study area and sites 

 

Forests in the Central Amazon affected by windthrow, clearcuting, and cut+burning were addressed in this study. Windthrows 

(Mitchell, 2013) in the Amazon are caused by strong descending winds that uproot or break trees (Garstang et al., 1998;Negrón-105 

Juárez et al., 2018;Nelson et al., 1994). In clearcut areas, forests are cut and cleared and in cut+burning areas forest are cleared 

and burned (Mesquita et al., 2001;Mesquita et al., 2015;Lovejoy and Bierregaard, 1990). The windthrow, clearcut, and 

cut+burned sites used in this study were selected based on the following conditions: (a) prior to disturbance they were upland 

(no flooding) old-growth forest and located in the same geographic region, with no or minimalsimilar climatic, edaphic, and 

floristic differences; (b) long-term records of satellite imagery and corresponding field data before and after disturbance are 110 

available; and (c) no subsequent disturbance has occurred.  
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Figure 1: Location of disturbed forests. (a) The disturbed areas were located in Central Amazonia and included (b) a 

windthrow site close to the village of Tumbira, (c) a clearcut site, in the Porto Alegre farm, and (d) a cut+burned site 

in the Dimona farm. These three areas are encompassed in the Landsat scene Path 231 Row 062 as shown in the inset 

in (a). For the spectral characteristics before and after disturbances we used boxes cells of 33 pixels (blue squares) 

over disturbed and undisturbed areas. For the pathways of forest regrowth after clearcutting and burning sites we 120 

analyzed different areas with different distances from the disturbance edge (A1, A2 and A3 in yellow). The background 

image in (a) is from Google Earth Pro. The background images in (b), (c) and (d) are from Landsat 5 on July 12, 1987, 

June 1, 1984 and July 12, 1987 and were composed as RGB color using bands 5, band 4 and band 3, respectively. 

 

The windthrow, clearcut, and cut+burned sites analyzedanalysed in this study are located near the city of Manaus, Central 125 

Amazon (Figure 1a). The windthrow (centered  at 3°S, 60.75°W, Figure 1b) was located near the village of Tumbira, about 80 

km southwest of Manaus, occurred in 1987 and covered an area of ~75 ha. At this site, data on forest regrowth including forest 

structure and species composition for trees ≥10 cm DBH (diameter at breast height, 1.3 m) were collected since 2011 covering 

disturbed  and undisturbed areas and found that  genus Cecropia is one of the dominant species in the highest disturbed areas 
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(Magnabosco Marra et al., 2018). The clearcut and cut+burned sites were experimentally created within the Biological 130 

Dynamics of Forest Fragments Project (BDFFP), which encompass an area of ~1000 km2 (centered at 2.5° S, 60°W) located 

80 km north of the city of Manaus, Brazil. The BDFFP was established and managed in early 1980’s by Brazil’s National 

Institute for Research in Amazonia (INPA) and the Smithsonian Institution, and is the longest running experiment of forest 

fragmentation in the tropics (Bierregaard et al., 1992;Lovejoy et al., 1986;Laurance et al., 2011;Tollefson, 2013;Laurance et 

al., 2018). Further details of the BDFFP are in Bierregaard et al. (2001). The selected clearcut site is located in the Porto Alegre 135 

farm (centered at 2.35°S, 59.94°W, Figure 1c). This site was clearcut in 1982 without subsequent use, and was dominated by 

the pioneer tree genus Cecropia 6-10 years after abandonment (Mesquita et al., 1999;Mesquita et al., 2001). The cut+burned 

site is located in the Dimona farm (centered at 2.33°S, 60.11°W, Figure 1d), which was clearcut and burned in September 1984 

and maintained as pasture for 2-3 some years and then abandoned. By 1993 this site was 6 years old and dominated by the 

pioneer tree genus Vismia (Mesquita et al., 1999;Mesquita et al., 2001). 140 

 

In the Manaus region the mean annual temperature is 27°C (with higher temperatures from August to November, and peak in 

October) and the mean annual rainfall is 2,365 mm with the dry season (rainfall < 100 mm month -1 (Sombroek, 2001)) from 

July to September (Negrón-Juárez et al., 2017). The topography is relatively flat with landforms ranging from 50-105 m above 

sea level (Laurance et al., 2011;Renno et al., 2008;Laurance et al., 2007), and the mean canopy height is ~ 30 m, with emergent 145 

trees reaching 55 m (Laurance et al., 2011;Lima et al., 2007;Da Silva, 2007). The soil in this region are ferrosols (Quesada et 

al., 2011;Bierregaard et al., 2001;Ferraz et al., 1998)  following the Food and Agriculture Organization (FAO) classification, 

and  with similar and floristic composition in this region are summarized in Negrón-Juárez et al. (2017) (Bierregaard et al., 

2001;Carneiro et al., 2005;Vieira et al., 2004;Higuchi et al., 2004). In the BDFFP, and for old-growth forest trees with DBH 

≥ 10 cm,  areas there are 26118 species per hectare,  and the stem density is 608  52 stems ha−1 and the basal area is 28 m2 150 

ha-1 (trees ≥ 10 cm in DBH) (Laurance et al., 2010) that  This stem density is representativeare representative of the region (da 

Silva et al., 2002;Vieira et al., 2004;Carneiro et al., 2005;Magnabosco Marra, 2016;Magnabosco Marra et al., 

2014;Magnabosco Marra et al., 2018).  In this region  93% of stems are between 10 and 40 cm in DBH (Higuchi et al., 2012) 

and the  annual tree mortality is of 8.7 trees ha−1 for trees ≥ 10 cm in DBH (Higuchi et al., 1997). 

 155 

2.2 Landsat satellite data and procedures 

 

The Landsat Ecosystem Disturbance Adaptive Processing System (LEDAPS) (Schmidt et al., 2013;Masek et al., 2006;Masek 

et al., 2013;Masek et al., 2008) surface reflectance (SR) from Landsat 5 Thematic Mapper (TM) was used in this study to 

characterize the type of disturbance and their subsequent pathways of forest regrowth over our study areas. LEDAPS was 160 

developed to ensure that spectral changes in Landsat are associated with regrowth dynamics (Masek et al., 2012;Schmidt et 

al., 2013) and to facilitate robust studies of land surface changes at different temporal and spatial scales in tropical forests (Kim 

et al., 2014;Valencia et al., 2016;Alonzo et al., 2016). LEDAPS SR Landsat 5 TM (L5 hereinafter) is generated by the United 
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States Geological Survey (USGS) using the Second Simulation of a Satellite Signal in the Solar Spectrum (6S) that corrects 

for the influences of, among others, water vapor, ozone, aerosol optical thickness, and digital elevation on spectral bands 165 

(USGS, 2017;Vermote et al., 1997). L5 bands are derived using per-pixel solar illumination angles and generated at 30-meter 

spatial resolution on a Universal Transverse Mercator (UTM) mapping grid (USGS, 2017). LEDAPS in Landsat 7 Enhanced 

Thematic Mapper Plus (ETM+) sensor (L7, hereinafter) were also used to corroborate our predictions (described below). 

Though L5 and L7 use the same wavelength bands they are different sensors and differences in surface reflectance may exist, 

especially in tropical forests due to high atmospheric effects (Claverie et al., 2015). Landsat 8 was not used since comparison 170 

between Landsat 8 and both L5 and L7 is not straightforward due to differences in the spectral bandwidth of these sensors. We 

used LEDAPS since has a long time series of data, is promptly available, have with high spectral performance comparable to 

Moderate Resolution Imaging Spectroradiometer (MODIS) (Claverie et al., 2015) and several datasets (Vuolo et al., 

2015;Nazeer et al., 2014) and it is suitable for ecological studies in the Amazon (van Doninck and Tuomisto, 2018;Valencia 

et al., 2016). L5 and L7 are available in Google Earth Engine (Gorelick et al., 2017), which we used to retrieve and analyze 175 

these data. 

 

The L5 and L7 spectral bands used in this study were BLUE (0.45-0.52μm), GREEN (0.52-0.62 μm), RED (0.63-0.69 μm), 

Near Infrared (NIR) (0.76-0.90 μm), Shortwave Infrared 1 (SWIR1) (1.55-1.75 μm), and Shortwave Infrared 2 (SWIR2) (2.08-

2.35 μm). L5 and L7 measurements provide the fraction of energy reflected by the surface and ranges from 0 (0%) to 10000 180 

(100%). Only scenes from June, July, and August were used since these dry season months present less cloud cover over our 

study area (Negrón-Juárez et al., 2017). This procedure also reduces effects associated with illumination or phenology since 

images correspond to the same period each year. Only images with cloud free, cloud shadow free, and haze free over our 

disturbed areas were used to eliminate errors associated with these elements. For this procedure, visual inspection of visible 

bands and quality information from L5 and L7 were used. No further corrections were applied due to the robustness of L5 185 

imagery over the Amazon (Valencia et al., 2016). All the disturbances are in the Landsat scene path 231/row 062. The dates 

of L5 images used were (Landsat 5 operational imaging ended in 2011)   6/1/1984 (except for the windthrow), 7/6/1985, 

7/12/1987, 8/2/1989, 7/20/1990, 8/8/1991, 7/31/1994, 6/21/1997, 7/26/1998, 7/13/1999, 7/24/2003, 8/4/2007, 8/6/2008, 

7/27/2010, and 8/31/2011. The dates of L7 images used were 8/7/2011, 6/22/2012, 6/12/2014, 8/2/2015 and 8/7/2017. 

 190 

The spectral characteristics of old-growth forests and their changes after disturbances were investigated using 19several boxes 

of 33 pixels (Figure 1 b,c,d) as shown in Figures 3a-c. The average of each box was used in our analysis. Spectral 

characteristics for old-growth forest for each site were determined from boxes located in the same position of the disturbance 

but previous to disturbance, as well asand/or from adjacent areas. Five boxes of old-growth forests were located from 1 to 2 

km away from the windthrow site. Though closer distances may also represent old-growth forests, we were conservative since 195 

Landsat is not sensitive to clusters of downed trees comprising fewer than 8 trees (Negrón-Juárez et al., 2011). For the clearcut 

and cut+burned sites the spectral characteristics of their respective old-growth forests (control) were studied from 333 boxes 
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per site located 500 to 800 meters away from the edge of the disturbance to minimize edge effects that are relevant in the first 

100 m (Lovejoy et al., 1986;Laurance et al., 2007;Mesquita et al., 1999). Boxes containing old-growth forests were also used 

as controls. The spectral characteristics for the windthrow were acquired from two boxes containing the highest level of SWIR1 200 

in 1987 that is associated with the maximum disturbance (Negrón-Juárez et al., 2011;Magnabosco Marra et al., 2018;Nelson 

et al., 1994). For the clearcut site three boxes were located 400-500 m from the edge and for the cut+burning three other boxes 

distant from 100-300 m with respect the edge. For the clearcut site we also selected four areas: A1, A2, A3, and AT (AT = 

A1+A2+A3), shown in Figure 1c and for the cut+burn site, three areas: A1, A2, and AT (AT =A1+A2), shown in Figure 1d The 

spectral characteristics of old-growth and disturbances are shown is Figure 3 d-f with the error bands representing the standard 205 

deviation of all pixels from respective boxes.  

 

L5 data for the windthrow, clearcut, and cut+burned sites encompass a period of 27 28 years with 12 13 years of missing data 

due to cloud-cover or lack of image. In order to assess the forest regrowth to spectral levels similar to old-growth forests 

(control), we applied a gap filling method (Gerber, 2018) of time series to obtain estimates for missing years using the R 210 

package “zoo” (Zeileis et al., 2018). The gap-filled datasets were analyzed using the smoothing spline technique (R, 2017).  

 

To determine whether L5 bands were sensitive to regrowth, we analyzed changes in the slope () of the bands across our 

chronosequence. A t-test on the slope coefficient was used to test the null hypotheses that  is zero (H0:=0) against the 

alternative hypothesis (H1:0) at a 5% significant level (=0.05). If the computed test statistic (t-stat) was inside the critical 215 

values then the H0 was not rejected. The critical values (t1-/2, n-2, n is the number of data points) were obtained from statistical 

tables (Neter et al., 1988). Forests in the Manaus region affected by windthrows are dominated by tree species from genera 

Cecropia and Pourouma in about 3-5 years (Magnabosco Marra et al., 2018;Nelson and Amaral, 1994) and the clearcut and 

cut+burned sites were dominated by Cecropia and Vismia about 6 years after the disturbances (Mesquita et al., 1999;Mesquita 

et al., 2001). The slopes of the time series were determined after these periods, i.e. 1991, 1987, and 1990 for windthrow, 220 

clearcut, and cut+burned sites, respectively. 

 

A comparison of successional pathways of forest regrowth among studied disturbances was conducted that was possible 

feasible due to the similar conditions of climate, soils, and structure, and composition of the old-growth forests. For 

windthrows, we analyzed the areas of maximum disturbance since the spectral signature of these areas last the longest in 225 

Landsat imagery (Nelson et al., 1994). For clearcut and burned sites we used areas with different distances from the disturbance 

edge to determine whether distance is a factor affecting the regrowth. For the clearcut site we selected four areas: A1, A2, A3, 

and AT (AT = A1+A2+A3), shown in Figure 1c and for the burned site, three areas: A1, A2, and AT (AT =A1+A2), shown in 

Figure 1d. Time series of L5 bands were analyzed using the statistical nonparametric function (univariate fit), with the 

smoothing spline and the Gaussian regression ANOVA (analysis of variance) model. Calculations were conducted on the R 230 
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3.5.2 software platform (R, 2017) using the package gss (general smoothing splines) (Gu, 2018). We calculated the smooth 

spline (using the cubic fit algorithm) of observed data and the associated standard errors, from which we calculated Bayesian 

95% confidence intervals.  Predictions of the time after disturbance needed to reach old-growth forests values are based on 

these data using the function "ssanova" (Fitting Smoothing Spline ANOVA Models) of the R package "gss" (General 

Smoothing Splines), Version: 2.1-9. The predictions were compared with published field observations (Section 2.1) where 235 

data were available and L7 images were used to assess the reliability of our predictions.  

 

2.3 Forest regrowth simulation in ELM-FATES 

 

Time series of L5 bands sensitive to disturbances and the pathways of forest regrowth were compared with modeling results 240 

from FATES (Fisher et al., 2015;Fisher et al., 2010). The underlying model structure and concepts in FATES are based on the 

Ecosystem Demography (ED) concept (Moorcroft et al., 2001), and is described in detail at https://github.com/NGEET/fates. 

A major development is the modularization of the model structure in FATES so that boundary conditions and vegetation can 

be coupled with ESM land models. FATES is integrated into the E3SM Land Model (ELM) (Riley et al., 2018;Zhu et al., 

2019) and within the Community Land Model (CLM) (Fisher et al., 2019;Lawrence et al., 2019) coupled to the Community 245 

Earth System Model (Hurrell et al., 2013). In this study we used ELM-FATES. ELM-FATES simulates vegetation that varies 

in successional age and size, plant competition, and dynamic rates of plant mortality, growth, and recruitment, all on landscapes 

partitioned by areas of disturbance. The main updates and modifications in ELM-FATES compared with ED include changes 

to carbon allocation and allometry and introduction of the Perfect Plasticity Approximation (PPA) (Purves et al., 2008;Fisher 

et al., 2010) used for the accounting of crown spatial arrangements throughout the canopy and organizing cohorts into discrete 250 

canopy layers.  Photosynthesis and gas exchange physiology in ELM-FATES follows the physics within the Community Land 

Model v4.5, CLM,  (Bonan et al., 2011), and unlike ED, uses the original Arrhenius equation from Farquhar et al. (1980). 

ELM-FATES tropical forest simulations conducted here were based on parameter and demography sensitivity analysis at a 

site 40 km from close tothe BDFFP (Holm et al., 2020), at the ZF2 research station (Magnabosco Marra et al., 2014).  Holm 

et al. (2017) found that with the improved parameterization, ELM-FATES closely matched observed values of basal area, leaf 255 

area index (LAI), and mortality rates but underestimated stem density for a Central Amazon old-growth forest near the BDFFP.  

 

Model simulations were driven by climate-forcing data derived from measurements collected between the years 2000 to 2008 

at the K34 flux tower located at (2.6°S, 60.2°W) (de Araujo et al., 2002) about 40 km from the BDFPP, at the ZF2 research 

station. ELM-FATES (using the git commit “4a5d626” and the version corresponding to tag ‘sci.1.0.0_api.1.0.0’) was run and 260 

spun-up for 400 years until a stable biomass equilibrium in the model was reached within the forest. We then simulated a one-

time logging treatment of a near-complete mortality of all trees (98% “clearcut”) with a remaining of 2% consisting of only 

small trees > 5cm DBH to aid in recruitment (Mesquita et al., 2015). Second, we simulated a one-time windthrow disturbance 

that killed 70% of trees (“windthrow”) as was reported in a recent observational study on windthrows in the same region 
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central Amazon (Magnabosco Marra et al., 2018). All dead trees were ‘removed’ and therefore did not enter modeled soil 265 

pools. Burning The fire module in ELM-FATES is currently under tests final development and testing and therefore burned 

simulations will are not be doneincluded in this study. The old-growth forest simulated by ELM-FATES, used as a pre-

disturbance metric, was based on previously validated tropical parameterization and sensitivity testing in the same region 

(Holm et al., 2020); and see supplemental material from Fisher et al. (2015) for description of plant functional type specific 

carbon allocation and allometry schemes and updates from the ED model framework. Simulations of disturbance and 270 

subsequent vegetation regrowth after disturbance were initiated from this old-growth forest state. The model design used here 

only allows for simulating intact forests with natural disturbances (e.g., gap dynamics or windthrows) or harvested forests, but 

not both at the same time or in adjacent patches. Accounting for distance to intact forests was excluded due to the current 

limited understanding of seed dispersal mechanisms (i.e., spatial variability, dispersal limitation, etc.) in tropical forests 

(Terborgh et al., 2019). We use a more general form of seed production, such that the individual cohorts in ELM-FATES use 275 

a targeted fraction of net primary production (NPP) during the carbon allocation process (after accounting for tissue turnover 

and storage demands), which adds to the site-level seed pool for recruitment of new cohorts. Field data was not used to simulate 

or calibrate the modeled forest recovery regrowth post disturbance. 

 

To account for uncertainty in the representation of plant physiology within tropical evergreen forests, we analyzed an ensemble 280 

of 20 simulations varying in targeted plant functional traits. We prescribed each ensemble with a single tropical evergreen 

plant functional type (PFT) that varied in wood density (0.44 to 1.06 g cm-3) and maximum rate of carboxylation (Vcmax; 42 to 

55 umol m2 s-1) (Table 1), via random sampling. To evaluate changes in canopy coverage of the forest stand each PFT 

additionally varied by an allometric coefficient (1.35 to 1.65) determining crown area to diameter ratio, and a leaf clumping 

index (0.59 to 1.0 out of 0-1 fraction) that determines how much leaf self-occlusion occurs and decreases light interception, 285 

and the direct and diffuse extinction coefficients in the canopy radiation calculations. The default values for these parameters 

are based on, or derived from references given in Table 1. Each ensemble member represents a single PFT across the spectrum 

of fast-growing ‘pioneer’ PFTs and slow-growing ‘late successional’ PFTs to provide a reasonable spread across the trait 

uncertainty when assessing regrowth from disturbance. We characterized pioneer plants in our simulations as having low wood 

density (Baker et al., 2004) and high Vcmax based on the inverse relationship between these two plant traits, as well as a low 290 

crown area coefficient and low leaf clumping factor; i.e., monolayer planophile distribution (Lucas et al., 2002). These 

correlated relationships were applied in the ensemble-selected traits (Figure 2). The opposite relationship was applied for slow-

growing, ‘late successional’ PFTs (e.g., high wood density, low Vcmax, high crown area coefficient, and high leaf clumping 

factor).  

 295 

Table 1. The range (minimum to maximum) of four key model input parameters used in the 20-ensembles ELM-FATES 

simulations for both windthrow and clear-cut simulations, to account for uncertainty in the representation of plant 

traits, along with the default value used in the ELM-FATES model. Wood density value from Moorcroft et. al. (2001), 
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Vcmax based on  Oleson et al. (2013) and Walker et al. (2014), crown area:DBH derived from Farrior et al. (2016) and 

adjusted based on site specific sensitivity tests, and the leaf clumping index based on radiation transfer theory of 300 

Norman (1979).  

 

 Variations in ensemble parameters in ELM-FATES 

 default minimum maximum Range 

Wood density (g cm-3) 0.7 0.44 1.06 0.62 

Vcmax (mol m2 s-1) 50 42 55 13 

Crown area : DBH (unitless) 1.5 1.35 1.65 0.30 

Leaf clumping (0-1) 0.85 0.59 1.00 0.41 

     

 

 

 305 

Figure 2: Imposed trait variation used in the parameterization of ELM-FATES tropical evergreen plant functional 

types (PFTs) for the 20-ensemble simulations and the resulting average growth rate average over the 50-year simulation 

period. Each simulation consisted of a single PFTs varying by all four traits at once: wood density, Vcmax, the canopy 

area allometric coefficient, and leaf clumping index for leaf self-occlusion. Dark green points represent fast-growing 

evergreen pioneer PFTs, while light green points represent slow-growing late successional PFTs. 310 

 

In order to evaluate ELM-FATES performance during forest regrowth we compared NIR, the most sensitive band to regrowth 

(see results), with ELM-FATES outputs of aboveground biomass (AGB, Mg ha-1), total stem density of trees ≥10 cm DBH 

(stems ha-1), leaf area index (LAI, one-sided green leaf area per unit ground surface area, m2 m-2), and total live crown area 

(m2 m-2) since these variables directly influence the surface reflectance (Ganguly et al., 2012;Lu, 2005;Masek et al., 315 

2006;Powell et al., 2010;Ruiz et al., 2005). We suggest that including testing an array of forest variablesmodeled forest 
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variables (e.g., biomass structure, density coverage of vegetation, and proportion of the tree crown that has live foliage) 

provides a robust comparison for comparison to NIR provides a robust comparison due to multiple forests characteristics 

contributing to and affecting across several variables that affect NIR reflectance (Ollinger, 2011), and reduces model unknowns 

and biases that can rise when using only one model variable. The usage of different stand structure and canopy processes can 320 

be helpful when evaluating ELM-FATES during different phases of forest regrowth. In addition, we averaged modeled outputs 

of crown area, stem density, and LAI since each of these variables influence the surface reflectance of forests, and defining 

this average as the modeled ‘canopy-coverage’. Measurements of forest canopy cover have been used to analyze plant growth 

and survival, and it is an important ecological parameter related to many vegetation patterns (Ganey and Block, 1994;Jennings 

et al., 1999;Paletto and Tosi, 2009). Modeled diameter growth (cm y-1) once for trees with DBH were ≥10 cm at 1.3 m wasis 325 

also show to provide results information on the successional dynamics of forest stands typical of early or late successional 

characteristics within a demographic modelELM-FATES. 

 

3 Results 

 330 

3.1 L5 bands and disturbances 

 

Overall, aAll L5 bands showed an increase in surface reflectance associated withimmediate after windthrow, clearcut, and 

cut+burned sites except NIR which decreased (with higher decrease after burning) (Figure 3 a, b and c). This decrease in NIR 

was due to exposed woody material and dry leaves,  (typical after windthrow (Negrón-Juárez et al., 2010a;Negrón-Juárez et 335 

al., 2011) and clearcutting (Chapter 7 in Adams and Gillespie, 2006)) or the dark surface following burning (Pereira et al., 

1997). For windthrows  Ssuch effects last about one year after which vegetation regrowth covers the ground surface (Negrón-

Juárez et al., 2010a;Negrón-Juárez et al., 2011). The spectral characteristics of old-growth and disturbances are shown is Figure 

3 d-f with the error bands representing the standard deviation of all pixels from respective boxescells. About one year after the 

disturbance the bands that experienced increase in surface reflectance showed a decrease in surface reflectance (the opposite 340 

for NIR) (Figure 3d - f) due to the increases in vegetation cover. A similar behavior response is expected for the clearcutting 

that occurred in 1982 and therefore before the beginning of our available data (L5 imagery are available from 1984, Figure 

3e). On the other hand, in our control (old-growth) forests, we observed typically high NIR reflectance due to the cellular 

structure of leaves  (Chapter 7 in Adams and Gillespie, 2006), absorption of red radiation by chlorophyll (Tucker, 1979), and 

absorption of SWIR1 by the water content in leaves (Chapter 7 in Adams and Gillespie, 2006). The similarity of spectral 345 

signatures for the control forests previous to the disturbances suggests  comparable structure and species floristic composition. 
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Figure 3: L5 (LEDAPS SR Landsat 5) spectral characteristics for (a) windthrow (July 12, 1987), (b) clearcut (June 1 , 350 

1984), and (c) cut+burned (July 12, 1987) (in red) and control (old-growth) forests (in green) sites. Time series of each 

L5 spectral bands for (d) windthrow, (e) clearcut, and (f) burned cut+burn sites. The bars represent the standard 

deviation from all pixels from all 33 boxes comprising the respective disturbances showed in Fig. 1. Vertical dashed 

line in (d), (e) and (f) represents the year of the disturbance. 

 355 

 

3.2 Pathways of forest regrowth 

 

About six years after the disturbance, NIR reached a maximum value after which it decreased slowly with time showing a 

significant negative trend (Table 2). SWIR1 also showed a significant negative trend with time but only for the clearcut site 360 

(Table 2).  In general, GREEN, BLUE, RED, SWIR1, and SWIR2 bands returned to pre-disturbance values (control) about 

six years after the disturbance (Figure 3d, e, f and Table 2). Therefore, we used NIR (which remained higher than pre-

disturbance values throughout the time series, and is potentially sensitive to ecosystem properties of re-growing forest) to 

investigate the regrowth dynamics in comparison to our control forests. 
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 365 

We used the relationships presented in Figures 4, 5, and 6 to determine the time that NIR from the disturbance sites became 

similar to control NIR. The average control NIR was 281%. For the windthrow site the NIR become became similar to control 

levels after about 39 years (range 32 to 57 years). For the clearcut and cut+burned sites, this period was estimated to be 36 

years (range 31 to 42 years) and 56 years (range 42 to 93 years), respectively. From Figure 4-6 it is evident that the type of 

disturbance has a clear effect on the pathways of NIR recovery. L7 data, in general, are within the 95% CI of predictions.  370 

 

 

Table 2. Test of the significance for the slopes of the time series of six bands from L5 (LEDAPS SR Landsat 5) for the 

windthrow (period 1991-2011), clearcutting (period 1987-2011), and cut+burning (period 1990-2011) cases in Central 

Amazonia shown in Figures 3d-f. The critical values (t0.975,8 and  t0.975,12 ) for the t distribution were obtained from 375 

statistical tables. Boldt represents H1. 

 

 

 

 380 

 

 

 

 

 385 

 

During the first 12 years following the windthrow, the spline curve fitted to the NIR data decreased by ~0.13% y-1 after which 

the rate of decrease doubled (0.26% y-1, Figure 4). For clearcutting, NIR decreased faster, i.e. ~0.4% y-1. The decrease of NIR 

for the clearcutting site appears to be independent of the distance from the edge of the disturbance since the changes in NIR of 

all selected areas (A1, A2, A3 and AT) are similar (Figure 5). For the cut+burned site, the rate of change of NIR to values similar 390 

to the control forests was the slowest among all disturbances considered (~0.15% y-1) (Figure 6). The cut+burned site showed 

differences with respect to the border of the disturbance (areas A1, A2, and AT), which may be related to the spatial 

heterogeneity of burnings and forest responses. 

 

 windthrow 
t0.975,12=2.179 

 clearcut 
t0.975,8=2.306 

 cut+burned 
t0.975,8=2.306 

  t-stat   t-stat   t-stat 
BLUE -1.51 -1.10  -0.63 -0.25  -3.92 -1.15 
GREEN -0.03 -0.02  -0.72 -0.31  -3.03 -0.78 
RED -0.12 -0.68  -0.18 -0.08  -3.19 -0.93 
NIR -12.36 -4.07  -35.1 -10.17  -11.72 -2.83 
SWIR1 0.87 0.70  -4.83 -4.52  -2.25 -1.98 
SWIR2 0.95 1.45  0.17 0.22  -0.48 0.36 
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 395 

Figure 4: Changes in NIR for windthrows and prediction (based on extrapolated of fitted spline curve) of NIR to pre-

disturbance values (in blue). The plots show the SR data (dots), the fit (solid lines), and the 95% confidential interval 

(CI, dashed lines). Grey bar represents the control (old-growth forests) NIR of 281% and the black horizontal dashed 

line is 28%.  

 400 
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Figure 5: Changes in NIR after clearcuts for areas A1, A2, A3, and AT =A1+A2+A3 (showed in Figure 1c) and prediction 

of NIR to pre-disturbance values (in blue). The plots show the data (circles), the fit (solid line), and the 95% confidential 

interval (CI, dashed lines). Grey bar represents the control (old-growth forests) NIR of 281% and the black horizontal 

dashed line is 28%. 405 
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Figure 6: Changes in NIR for cut+burn site in areas A1, A2 and AT =A1+A2 showed in Figure 1) and prediction of NIR 

to pre-disturbance values (blue). The linear fit (solid liner) and the 95% CI (dashed line) are shown. Grey bar represents 

the control (old-growth forests) NIR of 281% and the black horizontal dashed line is 28%. 

 410 

 

3.3 FATES model and regrowth from forest disturbance 

 

To address our goal of improving the connection between remote sensing and model benchmarking and the fidelity of future 

predictions of forest regrowth processes, we examine the representation of such processes within ELM-FATES. The average 415 

of the ELM-FATES 20-member ensemble predicted a continuous, and almost linear, regrowth of biomass (Figure 7a) after 

both clearcut and windthrows. The Mmodeled recovering biomass returned to modeled old-growth forest values quicker for 
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windthrows (37 years, range 21 to 83 years) compared to clearcuts (42 years, range 27 to 80 years), with old-growth 

characterized as when biomass reached equilibrium with values similar to observed old-growth biomass. However, the annual 

rate of change of biomass regrowth over 50 years was faster in the clearcut simulation (2.5 Mg ha-1 yr-1) than the windthrow 420 

simulations (2.0 Mg ha-1 yr-1), which is likelywas due to the clearcut site recovering from initial biomass of near-zero initial 

biomass and proportionally greater contribution of fast-growing pioneer species.  

 

The model simulation of stem density, LAI and crown area are shown in Figures 7b-d, respectively. For stem density, ELM-

FATES (black line) predicted an average of up to eight years before any new stems reached ≥10 cm DBH (a stand developing 425 

period, Figure 7b) for the clearcut. The simulated stem density for old-growth forests (Figure 7b; green line) was ~200 stems 

ha-1 (≥10 cm at 1.3 m), ~ 408 trees lower than observations. The model ensembles with typical early successional traits 

predicted a forest with many fast-growing, small-diameter stems <10 cm, with maximum early successional stem densities 

reaching 1,560 and 1,414 stems ha-1 for clearcut and windthrows, respectively. Once the canopy closes and self-thinning 

dominates (average of 15 years after disturbance), there are fast declines in stem density as trees gain more biomass, and 430 

canopy closure forces some trees into the understory, where they die at faster rates due to shading. The model predicts faster 

diameter growth increments (1.3 cm yr-1) and canopy closure for a forest comprised of all ‘pioneer’ type PFTs and slower (0.5 

cm yr-1) diameter growth and more open canopies for ‘late successional’ forest type (Figure 8). Diameter growth is an emergent 

model feature of dynamical plant competition for light and stand structure demographics, and in coherence with observational 

studies of secondary forests growing through succession (Brown and Lugo, 1990;Winter and Lovelock, 1999;Chapin III et al., 435 

2003). The modeled forests return to old-growth stem density conditions (i.e., 200 stems ha-1) after 39 and 41 years from 

windthrows and clearcut, respectively (Table 3). Thought they two disturbance types were had very similar times to return to 

pre-disturbance conditions, they differ in the speed of recovery (Figure 7), as discussed below. The model predicts faster 

diameter growth increments (1.3 cm yr-1) and canopy closure for a forest comprised of all ‘pioneer’ type PFTs and slower (0.5 

cm yr-1) diameter growth and more open canopies for ‘late successional’ forest type (Figure 8). Diameter growth is an emergent 440 

model feature of dynamical plant competition for light and stand structure demographics, and in coherence with observational 

studies of secondary forests growing through succession (Brown and Lugo, 1990;Winter and Lovelock, 1999;Chapin III et al., 

2003). 

 

The LAI of the modeled old-growth forest (4.0 m-2 m-2), prior to disturbances, was close to the observed LAI (4.7 m-2 m-2) 445 

measured near our site (Chambers et al., 2004). Due to disturbance, the initial modeled LAI (Figure 7c) and total crown area 

(Figure 7d) decreased, as expected. During regrowth from disturbance both LAI and total crown area rapidly recovered LAI 

even and surpassed pre-disturbance values. This behavior resembles the initial spike in NIR due to fast growing PFTs. These 

two canopy coverage attributes reached maximum values after 3 to 6 years, depending on the disturbance and canopy attribute 

(Table 3). To evaluate model results against remote sensing observations, we compared the initial period after the disturbance 450 

of the spikes in NIR to the ‘canopy-coverage’ metric (combination of LAI, stem density, total crown area) over the same 
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modeled period. ELM-FATES predicted that after a windthrow the forest took 5.7 years to reach maximum values of canopy-

coverage, which was sooner than the clearcut simulation (7 years). While the modeled timespan for this initial period was 

similar to the NIR, there was disagreement between which disturbance recovery occurred fastest (windthrow in ELM-FATES 

vs. clearcut in NIR), similar to disagreement in recovery of AGB (Table 3). 455 
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Figure 7: Simulated regrowth of the Central Amazon forest after a clearcut (98% tree mortality; black line), and 

windthrow event (70% tree mortality; orange line) using 20 simulations of the demographic model ELM-FATES, 460 

compared to the modeled old-growth values prior to disturbance (dashed green line), and against field  data (solid green 

line) from close sites, except for crown area data that was taken from Lidar data in Acre, Brazil (Figueiredo et al., 

2016) . The shaded grey and orange areas represent the spread across the ensembles, showing minimum and maximum 

values of each forest attribute over its regrowth. (a) Regrowth of aboveground biomass (AGB; Mg C ha-1). (b) Regrowth 

of stem density (stems ha-1) of stems >10 cm DBH and years of returning to modeled old-growth values. (c) Regrowth 465 

of leaf area index (m-2 m-2), and (d) regrowth of total crown area (m-2 m-2). 

 

 

 

 470 
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Figure 8: Change in predicted diameter increment growth rate (cm yr-1) for one simulation, from the 20 ensembles, 

that represented a fast-growing ‘pioneer’ forest stand and a slow-growing ‘late successional’ (LS) forest stand from a 475 

clear-cut disturbance (black and grey) and a windthrow disturbance (orange). Variations in diameter increment are a 

result of differences in the following traits: wood density, Vcmax, crown area, and a leaf clumping index.  

 

 

 480 

Table 3. Summary of different times of regrowth (years) to old-growth forest status after two disturbance types; 

windthrows and clearcuts from ELM-FATES model results and remote sensing. As well as the time (years) it takes 

forest attributes to reach maximum values during regrowth, and the corresponding value at this maximum peak. AGB 
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(Mg C ha-1), stem density (stems ha-1), LAI, and crown area (m2 m-2) refer to simulation results, as compared against 

NIR remote sensing. The average of AGB and stem density is characterized as modeled ‘forest structure’. The average 485 

of crown area, stem density, and LAI is characterized as modeled ‘canopy-coverage’ in this study, and additionally 

compared against NIR.  

 

 

 490 

 

 

 

 Regrowth to old-growth (years)  

Disturbance type 
ELM-FATES  

AGB 
ELM-FATES 
stem density 

ELM-
FATES 

LAI 

Model average of 
forest structure  

 NIR 

Windthrow 37 39 53 38.0 39 
Clearcut 42 41 26 41.5 36.1 

 Time to reach maximum values of regrowth (years)  

Disturbance type 
ELM-FATES 

crown area 

ELM- 
FATES stem 

density 

ELM-
FATES 

LAI 

Model average of 
canopy-coverage  

NIR 

Windthrow 56 9 3 5.676 7 
Clearcut 57 10 6 7.0 6 

 Values at maximum peak of regrowth  

Disturbance type ELM-FATES 
crown area 

(m2 m-2) 

ELM-FATES 
stem density 
(stems ha-1) 

ELM-
FATES 

LAI 
 (m2 m-2) 

 
NIR 
(%) 

Windthrow 0.99 1414 4.9  35.5 
Clearcut 0.9899 1560 7.5  42.0 

 

 495 

ELM-FATES provided a prediction of the values in each forest variable when the stand reached its production limit and full 

canopy closure, at which point there was a shift to a declining trend and decreases in forest attributes that outpaced any gains 

(Table 3). The highest values, aAt maximum peak recovery and carrying capacity limit, the highest forest values occurred in 

the clearcut simulation (with a very small exception in crown area), matching the higher NIR from clearcut some a few years 

after the disturbance (Figure 4-6). Over the longer self-thinning period modeled LAI decreased and returned to modeled old-500 

growth values 26 years after clearcut, and gradually over 53 years for windthrows (Table 3). LAI was the only variable that 

had a noticeable faster recovery in the clearcut simulations. After both disturbances the total crown area permanently remained 

higher (0.9965 m2 m-2) and slightly higher than the crown area of the simulated old-growth forests (0.958 m2 m-2), suggesting 

that disturbances can generates a denser canopy, as discussed below.  

 505 
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4. Discussion 

 

Our results show that Landsat reflectance observations were sensitive to the initial changes of vegetation regrowth following 

windthrows, clearcut, and cut+burning, three common disturbances in the Amazon. Specifically, a decrease in NIR and an 

increase in SWIR1 were the predominant spectral changes immediately (within a few years) following disturbances. The 510 

increase in SWIR1 was different among the disturbances with the maximum increase observed in the cut+burned, followed by 

clearcut and then the windthrow site. The highest increase in SWIR1 in cut+burned sites may be related to the highest thermal 

emission of burned vegetation (Riebeek, 2014). Likewise, the relatively higher moisture content of woody material in the 

windthrow site decreases the reflection of SWIR2. On the other hand, in our control (old-growth) forests, we observed typically 

high NIR reflectance due to the cellular structure of leaves  (Chapter 7 in Adams and Gillespie, 2006), absorption of red 515 

radiation by chlorophyll (Tucker, 1979), and absorption of SWIR1 by the water content in leaves (Chapter 7 in Adams and 

Gillespie, 2006). 

 

While SWIR1 is frequently used to identify exposed woody biomass immediately after disturbances (Negrón-Juárez et al., 

2010b;Negrón-Juárez et al., 2008), we found that NIR was more sensitive to the successional pathways of regrowth for all the 520 

disturbances considered. NIR has also been associated with succession (Lu and Batistella, 2005) and regrowth (Roberts et al., 

1998) in natural and anthropogenic disturbed tropical forests (Laurance, 2002;Chazdon, 2014;Magnabosco Marra, 

2016;Laurance et al., 2011;Vieira et al., 2003). Previous studies have shown that changes in NIR are related to leaf structure 

and surface characteristics (Roberts et al., 1998;Xiao et al., 2014)with youngest leaves having higher NIR with respect to fully 

formed and older leaves (Roberts et al., 1998).Maximum values of NIR were observed about 6 years after clear cut, which is 525 

the time pioneers form a closed canopy in the Amazon (Mesquita et al., 1999;Mesquita et al., 2015;Mesquita et al., 2001) and. 

characterized by a relative  uniform distribution of tree diameter and heights (Vieira et al., 2003) NIR found that tThis 

maximum of NIRwas higher in the clearcut site dominated by species from the genus Cecropia and Pourouma (Mesquita et 

al., 2015;Massoca et al., 2012) than the site affected by cut+burnings dominated by Vismia species (Mesquita et al., 

2015;Laurance et al., 2018). The higher NIR values in Cecropia and Pourouma  is due to their monolayer planophile 530 

distribution of large leaves that produced high reflectance different fromcompared to Vismia that have a more rougher and 

denser canopiesy that traps more NIR (Lucas et al., 2002). The high values in NIR might be related to the low leaf wax 

(Chavana-Bryant et al., 2017)  from new trees  and/or scattering related to leaf and canopy water (Asner, 2008). NIR decreases 

with the dynamics of succession due to increase in the canopy roughness (Hallik et al., 2019). 

 535 

After the establishment of pioneers, the NIR decreases with time but with different rates depending on the type of disturbances. 

In windthrown areas, tree mortality and subsequent recruitment may continue for several decades, promoting changes in 

functional composition and canopy architecture (Magnabosco Marra et al., 2018). Cecropia and Pourouma trees grow 

relatively quickly and after closing the canopy they limit light penetration due to their large leaves creating a dark, cooler, and 
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wetter understory (Mesquita et al., 2001;Jakovac et al., 2014). As a result, light levels in the understory decline faster with 540 

time and thus allow the recruitment and establishment of shade tolerant species. The cohort of Cecropia and Pourouma species 

has relatively short lifespan and ~20 years after disturbance, secondary and old-growth forest species start to establish 

(Mesquita et al., 2015). Consequently, light is intercepted by several understory layers/strata formed by different guilds of 

trees, which drives decreases in NIR over time. With the self-thinning of Cecropia and Pourouma, the growing understory 

traps more light and consequently albedo decreases (Roberts et al., 2004). This pattern is consistent with the decline of NIR 545 

and observed changes in canopy architecture (Mesquita et al., 2015), photosynthesis, and LAI (Saldarriaga and Luxmoore, 

1991). In contrast, the architecture of Vismia species that dominate cut+burned areas allows higher light levels in the understory 

and subsequent recruitment of Vismia or other genera with similar light requirements. As a consequence, species turnover and 

structural changes are relatively slower than in clearcutting areas, (as  found by Jakovac et al. (2014) found in a study conducted 

a few kilometers from the BDFFP) and windthrows, consistent with changes in NIR. In the course of succession, Vismia tends 550 

to be replaced by Bellucia, which is a species with similar leaf and canopy structure as Vismia (Mesquita et al., 2015). This 

pattern favors the penetration of light through the canopy (Longworth et al., 2014) for several decades before a more shaded 

understory allows the germination and establishment of old-growth species (Williamson et al., 2014).  

 

For the windthrow we estimate that the NIR should become similar to pre-disturbance conditions in about 39 years. This value 555 

is in agreementagrees with the 40 years of biomass regrowth using found using ground-based data estimates of biomass 

regrowth from windthrows in the Central Amazon (40 years) (Magnabosco Marra et al., 2018). This result corroborates 

previous studies that NIR operates in the best spectral region to distinguish vegetation biomass (Tucker, 1979, 1980) and 

photosynthesis (Badgley et al., 2017). For clearcutting and cut+burning, the regrowth time was about 36 and 56 years 

respectively, but no ground-based estimates were available for comparison. Still, NIR showed that the pathways of regrowth 560 

from clearcut and cut+burning are divergent with time (Figure 5 and Figure 6), which is consistent with observational studies 

(Mesquita et al., 2015).  

 

In general, we found that NIR may be used as a proxy in modeling studies aimed at addressing forest regrowth after 

disturbances. Though NIR is useful to distinguish successional stages up to decades after the disturbance, it may not represent 565 

the whole successional processes. As soon as the forest canopy becomes structurally similar to that of the mature forest, NIR 

will no longer be sensitive to changes in vegetation attributes (Lucas et al., 2002). Thought Though L5 NIR may be 

complemented with current Landsat measurements - L5 NIR has comparable performance to the Landsat 8 NIR Operational 

Land Imager algorithm (OLI) (Vermote et al., 2016)-, it is important to emphasize that our estimates of recovered reflectance 

and biomass in disturbed areas do not capture full recovery of diversity in floristic attributes and species composition 570 

succession in floristic and functional compositionthat can take centuries (Rozendaal et al., 2019). A full recovery of diversity 

in floristic attributes and species composition will take much longer. Furthermore, tThe predominance of Cecropia, after 

clearcut, and Vismia, after cut+burns, have also been found in the Western (Gorchov et al., 1993;Saldarriaga et al., 1986) and 
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the Southern (Rocha et al., 2016) Amazon suggesting that our findings are applicable to other regions. However, an Amazon-

wide study is beyond the scope of our work which is to explore the sensitivity of Landsat to differentiate disturbance types. 575 

 

Our analysis demonstrates that this version of ELM-FATES has the capacity to reproduce initial response to disturbance and 

regrowth patterns after the clearcut and windthrow that occurred over similar time ranges compared to NIR. The strongest 

agreement, which can be used for future benchmarking,  occurred because when ELM-FATES predicted higher peaks of initial 

post disturbance stem density and LAI in clearcuts than in windthrows, which can be used for future benchmarking, consistent 580 

with the higher peak of NIR from clearcuts (Figure 5 vs. Figure 4). This effect may be due to ELM-FATES having more 

homogeneous canopies after clearcuts as well as more open disturbed area for fast growing plants, which is also an observed 

trend. In addition, the average regrowth times to pre-disturbance values were very similclosear in ELM-FATES and NIR 

(Table 3), showing that pathways of forest regrowth in ELM-FATES are comparable to observed patterns in tropical forests. 

ELM-FATES predicted a continuous, and almost linear, regrowth of biomass for the first 50 years of simulation after both 585 

clearcut and windthrows, (Figure 7a) consistent with NIR results, and observational studies (Mesquita et al., 2015;Saldarriaga 

et al., 1988;Jakovac et al., 2014;Magnabosco Marra et al., 2018). In addition the changes in biomass rates predicted by ELM-

FATES were similar to biomass observations recorded after clearcut (2.3 vs. 2.6 Mg ha-1 yr-1) (Mazzei et al., 2010), as well as 

a faster rate of AGB accumulation after clearcut compared to windthrow, similar to a study reporting higher regrowth rates in 

more highly-disturbed sites (Magnabosco Marra et al., 2018).  590 

 

Landsat showed a faster recovery of NIR to pre-disturbance conditions in clearcuts compared to windthrows. Faster growth is 

characteristic of anthropogenically driven secondary forests that reflect rapid colonization and consequent monodominance of 

highly adapted species and genera to changed environmental conditions; e.g., high growth rates, low self-competition, high 

leaf area index, low herbivory rates, etc. (Poorter et al., 2016;Mesquita et al., 2015;Rozendaal and Chazdon, 2015). 595 

Alternatively, ELM-FATES predicted a faster recovery of structural AGB and canopy-coverage to pre-disturbance conditions 

for windthrows (70% tree mortality) compared to clearcuts (98% tree mortality). A major contributing factor to this pattern 

resulted from larger modeled diameter increments after windthrows (0.92 cm yr-1) compared to clearcuts (0.82 cm yr-1) in the 

first 20 years after the disturbance, setting the trajectory for faster regrowth to pre-disturbance after windthrows. Only LAI had 

a faster recovery to pre-disturbance values after clearcuts, which is expected due to the newly developed forest having 600 

simplified forest structure and the canopy being more homogeneous after a clearcut (Rosenvald and Lohmus, 2008). ELM-

FATES predicted that the timing of peak canopy-coverage was marginally sooner after windthrows compared to clearcuts, 

opposite to the NIR pattern. This discrepancy may be related to the higher disturbancemore biomass loss and open canopy 

coverage, followed by a lack of rapid colonization in the modeled clearcut. Due to the higher stand disturbance that naturally 

occurs from clearcuts, and the diverse complexities in tropical forest composition, we emphasize that the dynamics of different 605 

competing PFTs in ELM-FATES requires further investigation. Emerging modeling studies that include plant trait trade-offs, 

for example, in leaf and stem economic spectrum or fast vs. slow growth strategies may help to better capture the drivers of 
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forest productivity and demography, enabling improved modeled responses to global change scenarios (Fauset et al., 

2019;Sakschewski et al., 2015). Here we test the basic representation of biomass demographics, prior to the more challenging 

aspects of representing interacting functional diversity in recovering systems (Fisher et al., 2015;Powell et al., 2018).  610 

 

ELM-FATES predicts the total stem density for a closed canopy forest to be very low compared to observations (200 simulated 

vs 600 stems ha-1), but modeled total AGB was close to that reported for the same region (110 simulated vs. ~150 MgC ha-1 

(Chambers et al., 2013)). This discrepancies discrepancy is due to ELM-FATES predicting a disproportionately high number 

of large trees (Figure 9; with 8% of stems >60 cm and 4.5% of stems >100 cm), resulting in a crowded canopy, which out-615 

compete smaller understory trees. Higuchi et al. (2012) reports 93% of stems to be below 40 cm (and ≥ 10 cm) in DBH in the 

study sites, while ELM-FATES only has 88% below 40 cm (Figure 9). Low stem density could be attributed to multiple model 

assumptions, such as high density-dependent mortality and self-thinning due to the marginal carbon economics of understory 

trees, low branch-fall turnover, a need for greater limitation of maximum crown area than currently modeled, and increases in 

mortality rates with tree size (Johnson et al., 2018). Our findings here will guide future ELM-FATES and ecosystem modeling 620 

development efforts towards improving the representation of forests comprised of dense canopies, and how they shift during 

regrowth.  

 

Land surface models do not typically simulate spectral leaf reflectance, but there is potential to include such output within 

radiative transfer schemes as is currently done in CLM. That addition would greatly assist our ability to compare with Earth 625 

observations datasets. In lieu of this development, we show that with successional aging modeled forest structure returns to 

pre-disturbed values (through canopy closure) with similar recovery time as NIR, occurring with the process of canopy closure, 

all which can be compared against remote sensing vegetation indices metrics(see Supplementary Figure 1) and metrics. Which 

vegetation index (eg. Normalized Difference Vegetation Index (Rouse et al., 1973), Enhanced Vegetation Index (Huete et al., 

2002), etc) or metrics properly represent the successional pathways following disturbances remains an important area of study.. 630 
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Figure 9: Total stem density (stems ha-1) separated into six diameter (cm) size classes from Central Amazon field data 

located at the near-by ZF2 site (green bars) averaged from 1996-2011, and predicted by ELM-FATES (gray bars). The 635 

percentages represent the proportion of stems in each size class relative to the total stem density.  

 

 

5. Conclusions  

 640 

We tested the sensitivity of Landsat surface reflectance to windthrow, clearcut, and cut+burned forest in Central Amazon. NIR 

was more responsive to the successional pathways of forest regrowth years after the disturbance. NIR showed that pathways 

of forest regrowth were different among the disturbances, with cut+burning being the most different in terms of spatial 

heterogeneity and regrowth time to old-growth status, in agreement with observational studies. Our results indicate that after 

disturbances the NIR will reach old-growth forests values in about 39 years following windthrows (in agreement with observed 645 

biomass regrowth), 36 years for clearcuttingclearcuts, and 56 years for cut+burnburning. These results were then compared 

with simulations of regrowth after windthrows and clearcut from ELM-FATES. The simulated forest structure and the remote 

sensing NIR from the windthrow and clearcut have similar return time to old-growth forest conditions. Future studies applying 

ELM-FATES should focus on improving stem density predictions, which were underestimated, and on enhancing the capacity 

to compare with remote sensing observations through representation of canopy spectral reflectance characteristics. 650 

 

 



30 

 

6. Acknowledgments  

This research was supported as part of the Next Generation Ecosystem Experiments-Tropics (NGEE-Tropics) of the TES 

Program and the RUBISCO project under the Regional and Global Climate Modeling Program, funded by the U.S. Department 655 

of Energy, Office of Science, Office of Biological and Environmental Research under contract DE-AC02-05CH11231. Among 

others, the NGEE-Tropics Program supports a large part of past and current model development for the ELM-Functionally 

Assembled Terrestrial Ecosystem Simulator (FATES). DMM was supported as part of the ATTO Project, Max Planck Society 

(MPG) and the German Federal Ministry of Education and Research (BMBF). RAF was supported by the National Center for 

Atmospheric Research, which is sponsored by the National Science Foundation under Cooperative Agreement No. 1852977. 660 

 

7. Code and Data Availability 

The Landsat data used in this study is freely available through the Google Earth Engine platform. ELM-FATES is available at 

https://github.com/NGEET/fates. Observational data used to compare remote sensing and modeling results have been 

previously published and references provided. 665 

 

8. Author Contribution 

Robinson Negrón-Juárez designed the study and made the remote sensing analysis. Jennifer A. Holm made the model 

simulations and analysis. RNJ and JAH formulated the research goals and wrote the initial draft of the manuscript. Boris 

Faybishenko performed the statistical analysis of the remote sensing data. Daniel Magnabosco-Marra provided the field data 670 

for windthrows and contributed with the discussion of biomass recovery. Rosie A. Fisher and Jacquelyn K. Shuman contributed 

with modeling improvements. Alessandro C. de Araujo contributed with the observational input data to initialize the model. 

William J. Riley and Jeffrey Q. Chambers were responsible for project funding and administration. All authors contributed 

with the final writing and edition of the manuscript. 

 675 

8. Competing Interests: No 

 

 

References 

 680 

Adams, J. B., and Gillespie, A. R.: Remote Sensing of Landscapes with Spectral Images: A Physical Modeling Approach 

Cambridge University Press, Cambridge, UK, 2006. 

Alcantara, C. R., Silva Dias, M. A. F., Souza, E. P., and Cohen, J. C. P.: Verification of the role of the low level jets in 

Amazon squall lines, Atmospheric Research, 100, 36-44, 10.1016/j.atmosres.2010.12.023, 2011. 

Alonzo, M., Van Den Hoek, J., and Ahmed, N.: Capturing coupled riparian and coastal disturbance from industrial mining 685 

using cloud-resilient satellite time series analysis, Scientific Reports, 6, 10.1038/srep35129, 2016. 



31 

 

Arora, V. K., Boer, G. J., Friedlingstein, P., Eby, M., Jones, C. D., Christian, J. R., Bonan, G., Bopp, L., Brovkin, V., 

Cadule, P., Hajima, T., Ilyina, T., Lindsay, K., Tjiputra, J. F., and Wu, T.: Carbon–Concentration and Carbon–Climate 

Feedbacks in CMIP5 Earth System Models, Journal of Climate, 26, 5289-5314, 10.1175/jcli-d-12-00494.1, 2013. 

Asner, G. P.: Hyperspectral Remote Sensing of Canopy Chemistry, Physiology, and Biodiversity in Tropical Rainforests, in: 690 

Hyperspectral Remote Sensing of Tropical and Sub-Tropical Forests, edited by: Kalacska, M., and Sanchez-Azofeita, 

A., CRC Press, Taylor & Francis Group, Florida, 261-296, 2008. 

Badgley, G., Field, C. B., and Berry, J. A.: Canopy near-infrared reflectance and terrestrial photosynthesis, Science 

Advances, 3, 10.1126/sciadv.1602244, 2017. 

Baker, T. R., Phillips, O. L., Malhi, Y., Almeida, S., Arroyo, L., Di Fiore, A., Erwin, T., Killeen, T. J., Laurance, S. G., 695 

Laurance, W. F., Lewis, S. L., Lloyd, J., Monteagudo, A., Neill, D. A., Patino, S., Pitman, N. C. A., Silva, J. N. M., 

and Martinez, R. V.: Variation in wood density determines spatial patterns in Amazonian forest biomass, Global 

Change Biology, 10, 545-562, 10.1111/j.1529-8817.2003.00751.x, 2004. 

Bierregaard, R., Gascon, C., Lovejoy, T., and Mesquita, M. R.: Lessons from Amazonia: The Ecology and Conservation of a 

Fragmented Forest, Yale University Press, New Haven, Connectivut, USA, 496 pp., 2001. 700 

Bierregaard, R. O., Lovejoy, T. E., Kapos, V., Dossantos, A. A., and Hutchings, R. W.: The biological dynamics of tropical 

rainf-forest fragments, Bioscience, 42, 859-866, 10.2307/1312085, 1992. 

Bonan, G. B.: Forests and climate change: forcings, feedbacks, and the climate benefits of forests, Science, 320, 1444-1449, 

10.1126/science.1155121, 2008. 

Bonan, G. B., Lawrence, P. J., Oleson, K. W., Levis, S., Jung, M., Reichstein, M., Lawrence, D. M., and Swenson, S. C.: 705 

Improving canopy processes in the Community Land Model version 4 (CLM4) using global flux fields empirically 

inferred from FLUXNET data, Journal of Geophysical Research-Biogeosciences, 116, 10.1029/2010jg001593, 2011. 

Brown, S., and Lugo, A. E.: TROPICAL SECONDARY FORESTS, Journal of Tropical Ecology, 6, 1-32, 

10.1017/s0266467400003989, 1990. 

Carneiro, V. M. C., Lima, A. J. N., Pinto, A. C., Santos, J., Teixeira, L. M., and Higuchi, N.: Floristic composition and 710 

structural analisis of terr firme forests in Manaus, Amazonas, Brazil, V Congresso FlorestalNacional: A Floresta e as 

Gentes, Viseu, Portugal, 2005. 

Chambers, J. Q., Tribuzy, E. S., Toledo, L. C., Crispim, B. F., Higuchi, N., dos Santos, J., Araujo, A. C., Kruijt, B., Nobre, 

A. D., and Trumbore, S. E.: Respiration from a tropical forest ecosystem: Partitioning of sources and low carbon use 

efficiency, Ecological Applications, 14, S72-S88, 2004. 715 

Chambers, J. Q., Negron-Juarez, R. I., Magnabosco Marra, D., Di Vittorio, A., Tews, J., Roberts, D., Ribeiro, G. H. P. M., 

Trumbore, S. E., and Higuchi, N.: The steady-state mosaic of disturbance and succession across an old-growth Central 

Amazon forest landscape, Proceedings of the National Academy of Sciences of the United States of America, 110, 

3949-3954, 10.1073/pnas.1202894110, 2013. 

Chapin III, F. S., Matson, P. A., and Mooney, H. A.: Principles of Terrestrial Ecosystem Ecology, Choice: Current Reviews 720 

for Academic Libraries, 5, 847 pp., 2003. 

Chavana-Bryant, C., Malhi, Y., Wu, J., Asner, G. P., Anastasiou, A., Enquist, B. J., Caravasi, E. G. C., Doughty, C. E., 

Saleska, S. R., Martin, R. E., and Gerard, F. F.: Leaf aging of Amazonian canopy trees as revealed by spectral and 

physiochemical measurements, New Phytologist, 214, 1049-1063, 10.1111/nph.13853, 2017. 

Chazdon, R. L.: Second Growth: The promise of tropical forest regeneration in an age og deforestation, The University of 725 

Chicago Press, Chicago, 2014. 

Chazdon, R. L., Broadbent, E. N., Rozendaal, D. M. A., Bongers, F., Zambrano, A. M. A., Aide, T. M., Balvanera, P., 

Becknell, J. M., Boukili, V., Brancalion, P., Craven, D., Almeida-Cortez, J. S., Cabral, G. A., de Jong, B., Denslow, J. 

S., Dent, D. H., DeWalt, S., Dupuy, J., Durán, S., Espírito-Santo, M., Fandino, M., César, R., Hall, J. S., Hernández-

Stefanoni, J., Jakovac, C., Junqueira, A., Kennard, D., Letcher, S. G., Lohbeck, M., Martínez-Ramos, M., Massoca, 730 

P., Meave, J. A., Mesquita, R., Mora, F., Muñoz, R., Muscarella, R., Nunes, Y., Ochoa-Gaona, S., Orihuela-Belmonte, 

E., Peña-Claros, M., Pérez-García, E., Piotto, D., Powers, J., Rodríguez-Velazquez, J., Romero-Pérez, I., Ruíz, J., 

Saldarriaga, J. G., Sanchez-Azofeifa, A., Schwartz, N., Steininger, M., Swenson, N. G., Uriarte, M., van Breugel, M., 

van der Wal, H., Veloso, M., Vester, H., Vieira, I., Bentos, T., Williamson, G. B., and Poorter, L.: Carbon 

sequestration potential of second-growth forest regeneration in the Latin American tropics, Science Advances, 2, 735 

e1501639, 10.1126/sciadv.1501639, 2016. 



32 

 

Claverie, M., Vermote, E. F., Franch, B., and Masek, J. G.: Evaluation of the Landsat-5 TM and Landsat-7 ETM + surface 

reflectance products, Remote Sensing of Environment, 169, 390-403, 10.1016/j.rse.2015.08.030, 2015. 

Cohen, W. B., and Goward, S. N.: Landsat's role in ecological applications of remote sensing, Bioscience, 54, 535-545, 

10.1641/0006-3568(2004)054[0535:lrieao]2.0.co;2, 2004. 740 

da Silva, R. P., dos Santos, J., Tribuzy, E. S., Chambers, J. Q., Nakamura, S., and Higuchi, N.: Diameter increment and 

growth patterns for individual tree growing in Central Amazon, Brazil, Forest Ecology and Management, 166, 295-

301, 2002. 

Da Silva, R. P.: Allometry, storage and biomass dynamics of primary and secondary forests in the Manaus Region (AM) [in 

Portuguese], PhD, Universidade Federal do Amazonas, 135 pp., 2007. 745 

Dantas de Paula, M., Groeneveld, J., and Huth, A.: Tropical forest degradation and recovery in fragmented landscapes — 

Simulating changes in tree community, forest hydrology and carbon balance, Global Ecology and Conservation, 3, 

664-677, 10.1016/j.gecco.2015.03.004, 2015. 

de Araujo, A. C., Nobre, A. D., Kruijt, B., Elbers, J. A., Dallarosa, R., Stefani, P., von Randow, C., Manzi, A. O., Culf, A. 

D., Gash, J. H. C., Valentini, R., and Kabat, P.: Comparative measurements of carbon dioxide fluxes from two nearby 750 

towers in a central Amazonian rainforest: The Manaus LBA site, Journal of Geophysical Research-Atmospheres, 107, 

10.1029/2001jd000676, 2002. 

Denslow, J. S.: Patterns of plant-species diversity during succession under different disturbancs regimes, Oecologia, 46, 18-

21, 10.1007/bf00346960, 1980. 

DeVries, B., Decuyper, M., Verbesselt, J., Zeileis, A., Herold, M., and Joseph, S.: Tracking disturbance-regrowth dynamics 755 

in tropical forests using structural change detection and Landsat time series, Remote Sensing of Environment, 169, 

320-334, 10.1016/j.rse.2015.08.020, 2015. 

Dolan, K., Masek, J. G., Huang, C. Q., and Sun, G. Q.: Regional forest growth rates measured by combining ICESat GLAS 

and Landsat data, Journal of Geophysical Research-Biogeosciences, 114, 7, 10.1029/2008jg000893, 2009. 

Dolan, K. A., Hurtt, G. C., Flanagan, S. A., Fisk, J. P., Sahajpal, R., Huang, C. Q., Le Page, Y., Dubayah, R., and Masek, J. 760 

G.: Disturbance Distance: quantifying forests' vulnerability to disturbance under current and future conditions, 

Environmental Research Letters, 12, 10.1088/1748-9326/aa8ea9, 2017. 

FAO: Food and Agriculture Organization of the United Nations. Global Forest Resources Assessment, 2010. 

Farquhar, G. D., Caemmerer, S. V., and Berry, J. A.: A biochemical-model of photosynthetic co2 assimilation in leaves of 

C3 species, Planta, 149, 78-90, 10.1007/bf00386231, 1980. 765 

Farrior, C. E., Bohlman, S. A., Hubbell, S., and Pacala, S. W.: Dominance of the suppressed: Power-law size structure in 

tropical forests, Science, 351, 155-157, 10.1126/science.aad0592, 2016. 

Fauset, S., Gloor, M., Fyllas, N. M., Phillips, O. L., Asner, G. P., Baker, T. R., Bentley, L. P., Brienen, R. J. W., 

Christoffersen, B. O., del Aguila-Pasquel, J., Doughty, C. E., Feldpausch, T. R., Galbraith, D. R., Goodman, R. C., 

Girardin, C. A. J., Coronado, E. N. H., Monteagudo, A., Salinas, N., Shenkin, A., Silva-Espejo, J. E., van der Heijden, 770 

G., Vasquez, R., Alvarez-Davila, E., Arroyo, L., Barroso, J. G., Brown, F., Castro, W., Valverde, F. C., Cardozo, N. 

D., Di Fiore, A., Erwin, T., Huamantupa-Chuquimaco, I., Vargas, P. N., Neill, D., Camacho, N. P., Gutierrez, A. P., 

Peacock, J., Pitman, N., Prieto, A., Restrepo, Z., Rudas, A., Quesada, C. A., Silveira, M., Stropp, J., Terborgh, J., 

Vieira, S. A., and Malhi, Y.: Individual-Based Modeling of Amazon Forests Suggests That Climate Controls 

Productivity While Traits Control Demography, Frontiers in Earth Science, 7, 10.3389/feart.2019.00083, 2019. 775 

Ferraz, J., Oht, S., and Salles, P. C.: Distribuição dos solos ao longo de dois transectos em floresta primária ao norte de 

Manaus (AM), in: Pesquisas Florestais para a Conservação da Floresta e Reabilitação de Áreas Degradadas da 

Amazônia, edited by: Higuchi, N., Campos, M. A. A., Sampaio, P. T. B., and Santos, J., INPA, Manaus, 111-143, 

1998. 

Figueiredo, E. O., d'Oliveira, M. V. N., Braz, E. M., Papa, D. D., and Fearnside, P. M.: LIDAR-based estimation of bole 780 

biomass for precision management of an Amazonian forest: Comparisons of ground-based and remotely sensed 

estimates, Remote Sensing of Environment, 187, 281-293, 10.1016/j.rse.2016.10.026, 2016. 

Fisher, R. A., McDowell, N., Purves, D., Moorcroft, P., Sitch, S., Cox, P., Huntingford, C., Meir, P., and Woodward, F. I.: 

Assessing uncertainties in a second-generation dynamic vegetation model caused by ecological scale limitations, New 

Phytologist, 187, 666-681, 10.1111/j.1469-8137.2010.03340.x, 2010. 785 



33 

 

Fisher, R. A., Muszala, S., Verteinstein, M., Lawrence, P., Xu, C., McDowell, N., Knox, R. G., Koven, C., Holm, J. A., 

Rogers, B. M., Lawrence, D., and Bonan, G. B.: Taking off the training wheels: the properties of a dynamic 

vegetation model without climate envelopes, Geosci. Model Dev. Discuss, 8, 3293–3357, 2015. 

Fisher, R. A., Koven, C. D., Anderegg, W. R. L., Christoffersen, B., Dietze, M. C., Farrior, C. E., Holm, J., Hurtt, G., Knox, 

R., Lawrence, P. J., Lichstein, J. W., Longo, M., Matheny, A. M., Medvigy, D., Muller-Landau, H. C., Powell, T., 790 

Serbin, S. P., Sato, H., Shuman, J. K., Smith, B., Trugman, A. T., Viskari, T., Verbeeck, H., Weng, E., Xu, C., Xu, X., 

Zhang, T., and Moorcroft, P.: Vegetation demographics in Earth System Models: A review of progress and priorities, 

Global Change Biology, 24, 35-54, 10.1111/gcb.13910, 2018. 

Fisher, R. A., Wieder, W. R., Sanderson, B. M., Koven, C., Oleson, K., Xu, C., Fisher, J. B., Shi, M., Walker, A. P., and 

Lawrence, D.: Parametric Controls on Vegetation Responses to Biogeochemical Forcing in the CLM5, Journal of 795 

Advances in Modeling Earth Systems, 10.1029/2019MS001609, 2019. 

Fisk, J.: Net effects of disturbance: spatial, temporal, and societal dimensions of forest disturbance and recovery on 

terrestrial carbon balance, PhD, University of Maryland, 2015. 

Foley, J. A., Asner, G. P., Costa, M. H., Coe, M. T., DeFries, R., Gibbs, H. K., Howard, E. A., Olson, S., Patz, J., 

Ramankutty, N., and Snyder, P.: Amazonia revealed: forest degradation and loss of ecosystem goods and services in 800 

the Amazon Basin, Frontiers in Ecology and the Environment, 5, 25-32, 10.1890/1540-

9295(2007)5[25:arfdal]2.0.co;2, 2007. 

Friedlingstein, P., Meinshausen, M., Arora, V. K., Jones, C. D., Anav, A., Liddicoat, S. K., and Knutti, R.: Uncertainties in 

CMIP5 Climate Projections due to Carbon Cycle Feedbacks, Journal of Climate, 27, 511-526, 10.1175/jcli-d-12-

00579.1, 2014. 805 

Frolking, S., Palace, M. W., Clark, D. B., Chambers, J. Q., Shugart, H. H., and Hurtt, G. C.: Forest disturbance and recovery: 

A general review in the context of spaceborne remote sensing of impacts on aboveground biomass and canopy 

structure, Journal of Geophysical Research-Biogeosciences, 114, 10.1029/2008jg000911, 2009. 

Fyllas, N. M., Gloor, E., Mercado, L. M., Sitch, S., Quesada, C. A., Domingues, T. F., Galbraith, D. R., Torre-Lezama, A., 

Vilanova, E., Ramirez-Angulo, H., Higuchi, N., Neill, D. A., Silveira, M., Ferreira, L., Aymard, G. A., Malhi, Y., 810 

Phillips, O. L., and Lloyd, J.: Analysing Amazonian forest productivity using a new individual and trait-based model 

(TFS v.1), Geoscientific Model Development, 7, 1251-1269, 10.5194/gmd-7-1251-2014, 2014. 

Ganey, J., and Block, W.: Technical Note: A Comparison of Two Techniques for Measuring Canopy Closure, Western 

Journal of Applied Forestry, 9, 21-23, 10.1093/wjaf/9.1.21, 1994. 

Ganguly, S., Nemani, R. R., Zhang, G., Hashimoto, H., Milesi, C., Michaelis, A., Wang, W. L., Votava, P., Samanta, A., 815 

Melton, F., Dungan, J. L., Vermote, E., Gao, F., Knyazikhin, Y., and Myneni, R. B.: Generating global Leaf Area 

Index from Landsat: Algorithm formulation and demonstration, Remote Sensing of Environment, 122, 185-202, 

10.1016/j.rse.2011.10.032, 2012. 

Garstang, M., White, S., Shugart, H. H., and Halverson, J.: Convective cloud downdrafts as the cause of large blowdowns in 

the Amazon rainforest, Meteorology and Atmospheric Physics, 67, 199-212, 1998. 820 

Gerber, F.: Package ‘gapfill’, R: A language and environment for statistical computing. R   Foundation for Statistical 

Computing, Vienna, Austria., 2018. 

Gorchov, D. L., Cornejo, F., Ascorra, C., and Jaramillo, M.: THE ROLE OF SEED DISPERSAL IN THE NATURAL 

REGENERATION OF RAIN-FOREST AFTER STRIP-CUTTING IN THE PERUVIAN AMAZON, Vegetatio, 108, 

339-349, 1993. 825 

Gorelick, N., Hancher, M., Dixon, M., Ilyushchenko, S., Thau, D., and Moore, R.: Google Earth Engine: Planetary-scale 

geospatial analysis for everyone, Remote Sensing of Environment, 202, 18-27, 10.1016/j.rse.2017.06.031, 2017. 

Gu, C.: General Smoothing Splines, 61, 2018. 

Hallik, L., Kuusk, A., Lang, M., and Kuusk, J.: Reflectance Properties of Hemiboreal Mixed Forest Canopies with Focus on 

Red Edge and Near Infrared Spectral Regions, Remote Sensing, 11, 1-22, doi.org/10.3390/rs11141717, 2019. 830 

Hansen, M. C., Potapov, P. V., Moore, R., Hancher, M., Turubanova, S. A., Tyukavina, A., Thau, D., Stehman, S. V., Goetz, 

S. J., Loveland, T. R., Kommareddy, A., Egorov, A., Chini, L., Justice, C. O., and Townshend, J. R.: High-resolution 

global maps of 21st-century forest cover change, Science, 342, 850-853, 10.1126/science.1244693, 2013. 

Higuchi, F. G., Siqueira, J. D. P., Lima, A. J. N., Figueiredo, A., and Higuchi, N.: The effect of plot size on the precision of 

the Weibull distribution of diameters in the primary forest of the central Amazon, FLORESTA, 2, 599-606, 2012. 835 



34 

 

Higuchi, N., Dos Santos, J., Ribeiro, R. J., Freitas, J. V., Vieira, G., and Cornic, A.: Crescimento e Incremento de uma 

Floresta Amazônica de Terra-Firme Manejada Experimentalmente, INPA, Manaus, Brazil, 89-132, 1997. 

Higuchi, N., Chambers, J. Q., Santos, J., Ribeiro, R. J., Pinto, A. C., Silva, R. P., Rocha, R. M., and Tribuzy, E. S.: Carbon 

balance and dynamics of primary vegetation in the central Amazon, Floresta, 34, 295-304, 2004. 

Holm, J., Knox, R., Zhu, Q., Fisher, R., Koven, C., Lima, A. J. N., Riley, W., Longo, M., Negrón Juárez, R., Araujo, A. C., 840 

Kueppers, L. M., Moorcroft, P., Higuchi, N., and Chambers, J. Q.: Modeling the Central Amazon forest carbon sink 

and forest dynamics under current and rising atmospheric carbon dioxide, Ecological Society of America (ESA) 

Meeting 6-11 August, Portland, Oregon, USA, 2017,  

Holm, J., Knox, R., Zhu, Q., Fisher, R., Koven, C., Lima, A. J. N., Riley, W., Longo, M., Negrón Juárez, R., De Araujo, A. 

C., Kueppers, L. M., Moorcroft, P., Higuchi, N., and Chambers, J.: The Central Amazon biomass sink under current 845 

and future atmospheric CO2: Predictions from big‐leaf and demographic vegetation models, JGR-Biogeosciences, 

JGRG21587, 10.1029/2019JG005500, 2020. 

Huete, A., Didan, K., Miura, T., Rodriguez, E. P., Gao, X., and Ferreira, L. G.: Overview of the radiometric and biophysical 

performance of the MODIS vegetation indices, Remote Sensing of Environment, 83, 195-213, 10.1016/s0034-

4257(02)00096-2, 2002. 850 

Hurrell, J. W., Holland, M. M., Gent, P. R., Ghan, S., Kay, J. E., Kushner, P. J., Lamarque, J. F., Large, W. G., Lawrence, 

D., Lindsay, K., Lipscomb, W. H., Long, M. C., Mahowald, N., Marsh, D. R., Neale, R. B., Rasch, P., Vavrus, S., 

Vertenstein, M., Bader, D., Collins, W. D., Hack, J. J., Kiehl, J., and Marshall, S.: The Community Earth System 

Model A Framework for Collaborative Research, Bulletin of the American Meteorological Society, 94, 1339-1360, 

10.1175/bams-d-12-00121.1, 2013. 855 

Hurtt, G. C., Frolking, S., Fearon, M. G., Moore, B., Shevliakova, E., Malyshev, S., Pacala, S. W., and Houghton, R. A.: The 

underpinnings of land-use history: three centuries of global gridded land-use transitions, wood-harvest activity, and 

resulting secondary lands, Global Change Biology, 12, 1208-1229, 10.1111/j.1365-2486.2006.01150.x, 2006. 

Jakovac, A. C. C., Bentos, T. V., Mesquita, R. C. G., and Williamson, G. B.: Age and light effects on seedling growth in two 

alternative secondary successions in central Amazonia, Plant Ecology & Diversity, 7, 349-358, 860 

10.1080/17550874.2012.716088, 2014. 

Jennings, S. B., Brown, N. D., and Sheil, D.: Assessing forest canopies and understorey illumination: canopy closure, canopy 

cover and other measures, Forestry, 72, 59-73, 10.1093/forestry/72.1.59, 1999. 

Johnson, D. J., Needham, J., Xu, C. G., Massoud, E. C., Davies, S. J., Anderson-Teixeira, K. J., Bunyavejchewin, S., 

Chambers, J. Q., Chang-Yang, C. H., Chiang, J. M., Chuyong, G. B., Condit, R., Cordell, S., Fletcher, C., Giardina, C. 865 

P., Giambelluca, T. W., Gunatilleke, N., Gunatilleke, S., Hsieh, C. F., Hubbell, S., Inman-Narahari, F., Kassim, A. R., 

Katabuchi, M., Kenfack, D., Litton, C. M., Lum, S., Mohamad, M., Nasardin, M., Ong, P. S., Ostertag, R., Sack, L., 

Swenson, N. G., Sun, I. F., Tan, S., Thomas, D. W., Thompson, J., Umana, M. N., Uriarte, M., Valencia, R., Yap, S., 

Zimmerman, J., McDowell, N. G., and McMahon, S. M.: Climate sensitive size-dependent survival in tropical trees, 

Nature Ecology & Evolution, 2, 1436-1442, 10.1038/s41559-018-0626-z, 2018. 870 

Kammesheidt, L., Kohler, P., and Huth, A.: Simulating logging scenarios in secondary forest embedded in a fragmented 

neotropical landscape, Forest Ecology and Management, 170, 89-105, 10.1016/s0378-1127(01)00783-6, 2002. 

Keenan, R. J., Reams, G. A., Achard, F., de Freitas, J. V., Grainger, A., and Lindquist, E.: Dynamics of global forest area: 

Results from the FAO Global Forest Resources Assessment 2015, Forest Ecology and Management, 352, 9-20, 

10.1016/j.foreco.2015.06.014, 2015. 875 

Kennedy, R. E., Cohen, W. B., and Schroeder, T. A.: Trajectory-based change detection for automated characterization of 

forest disturbance dynamics, Remote Sensing of Environment, 110, 370-386, 10.1016/j.rse.2007.03.010, 2007. 

Kennedy, R. E., Yang, Z., and Cohen, W. B.: Detecting trends in forest disturbance and recovery using yearly Landsat time 

series: 1. LandTrendr - Temporal segmentation algorithms, Remote Sensing of Environment, 114, 2897-2910, 

10.1016/j.rse.2010.07.008, 2010. 880 

Kennedy, R. E., Yang, Z. Q., Cohen, W. B., Pfaff, E., Braaten, J., and Nelson, P.: Spatial and temporal patterns of forest 

disturbance and regrowth within the area of the Northwest Forest Plan, Remote Sensing of Environment, 122, 117-

133, 10.1016/j.rse.2011.09.024, 2012. 



35 

 

Kim, D. H., Sexton, J. O., Noojipady, P., Huang, C. Q., Anand, A., Channan, S., Feng, M., and Townshend, J. R.: Global, 

Landsat-based forest-cover change from 1990 to 2000, Remote Sensing of Environment, 155, 178-193, 885 

10.1016/j.rse.2014.08.017, 2014. 

Laurance, S. G. W., Laurance, W. F., Andrade, A., Fearnside, P. M., Harms, K. E., Vicentini, A., and Luizao, R. C. C.: 

Influence of soils and topography on Amazonian tree diversity: a landscape-scale study, Journal of Vegetation 

Science, 21, 96-106, 10.1111/j.1654-1103.2009.01122.x, 2010. 

Laurance, W. F.: Hyperdynamism in fragmented habitats, Journal of Vegetation Science, 13, 595-602, 10.1111/j.1654-890 

1103.2002.tb02086.x, 2002. 

Laurance, W. F., Nascimento, H. E. M., Laurance, S. G., Andrade, A., Ewers, R. M., Harms, K. E., Luizao, R. C. C., and 

Ribeiro, J. E.: Habitat Fragmentation, Variable Edge Effects, and the Landscape-Divergence Hypothesis, PloS one, 2, 

10.1371/journal.pone.0001017, 2007. 

Laurance, W. F., Camargo, J. L. C., Luizao, R. C. C., Laurance, S. G., Pimm, S. L., Bruna, E. M., Stouffer, P. C., 895 

Williamson, G. B., Benitez-Malvido, J., Vasconcelos, H. L., Van Houtan, K. S., Zartman, C. E., Boyle, S. A., 

Didham, R. K., Andrade, A., and Lovejoy, T. E.: The fate of Amazonian forest fragments: A 32-year investigation, 

Biological Conservation, 144, 56-67, 10.1016/j.biocon.2010.09.021, 2011. 

Laurance, W. F., Camargo, J. L. C., Fearnside, P. M., Lovejoy, T. E., Williamson, G. B., Mesquita, R. C. G., Meyer, C. F. J.,  

Bobrowiec, P. E. D., and Laurance, S. G. W.: An Amazonian rainforest and its fragments as a laboratory of global 900 

change, Biological Reviews, 93, 223-247, 10.1111/brv.12343, 2018. 

Lawrence, D. M., Fisher, R. A., Koven, C. D., Oleson, K. W., Swenson, S. C., Bonan, G., Collier, N., Ghimire, B., van 

Kampenhout, L., Kennedy, D., Kluzek, E., Lawrence, P. J., Li, F., Li, H. Y., Lombardozzi, D., Riley, W. J., Sacks, W. 

J., Shi, M. J., Vertenstein, M., Wieder, W. R., Xu, C. G., Ali, A. A., Badger, A. M., Bisht, G., van den Broeke, M., 

Brunke, M. A., Burns, S. P., Buzan, J., Clark, M., Craig, A., Dahlin, K., Drewniak, B., Fisher, J. B., Flanner, M., Fox, 905 

A. M., Gentine, P., Hoffman, F., Keppel-Aleks, G., Knox, R., Kumar, S., Lenaerts, J., Leung, L. R., Lipscomb, W. H., 

Lu, Y. Q., Pandey, A., Pelletier, J. D., Perket, J., Randerson, J. T., Ricciuto, D. M., Sanderson, B. M., Slater, A., 

Subin, Z. M., Tang, J. Y., Thomas, R. Q., Martin, M. V., and Zeng, X. B.: The Community Land Model Version 5: 

Description of New Features, Benchmarking, and Impact of Forcing Uncertainty, Journal of Advances in Modeling 

Earth Systems, 11, 4245-4287, 10.1029/2018ms001583, 2019. 910 

Lewis, S. L., Edwards, D. P., and Galbraith, D.: Increasing human dominance of tropical forests, Science, 349, 827-832, 

10.1126/science.aaa9932, 2015. 

Lima, A. J. N., Teixeira, L. M., Carneiro, V. M. C., Santos, J., and Higuchi, N.: Biomass stock and structural analysis of a 

secondary forest in Manaus (AM) region, ten years after clear cutting followed by fire, Acta Amazonica, 37, 49-54, 

2007. 915 

Longo, M., Knox, R. G., Levine, N. M., Swann, A. L. S., Medvigy, D. M., Dietze, M. C., Kim, Y., Zhang, K., Bonal, D., 

Burban, B., Camargo, P. B., Bras, R. L., Wofsy, S. C., and Moorcroft, P.: The biophysics, ecology, and 

biogeochemistry of functionally diverse, vertically- and horizontally-heterogeneous ecosystems: the Ecosystem 

Demography Model, version 2.2 – Part 2: Model evaluation, Geoscientific Model Development, 10.5194/gmd-2019-

71, 2019. 920 

Longworth, J. B., Mesquita, R. C., Bentos, T. V., Moreira, M. P., Massoca, P. E., and Williamson, G. B.: Shifts in 

Dominance and Species Assemblages over Two Decades in Alternative Successions in Central Amazonia, Biotropica, 

46, 529-537, 10.1111/btp.12143, 2014. 

Lovejoy, T. E., Bierregaard, R., Rylands, A., Malcolm, J., Quintela, C., Harper, L., Brown, K., Powell, A., Powell, G., 

Schubart, H., and Hays, M.: Edge and other effects of isolation on Amazon forest fragments, in: Conservation 925 

Biology: The Science of Scarcity and Diversity, edited by: Soulé, M. E., Sinauer Associates Inc., Sunderland, 

Massachusetts, U.S.A, 257-285, 1986. 

Lovejoy, T. E., and Bierregaard, R.: Central Amazonian forests and the minimum critical size of ecosystem project, in: Four 

neotropical rainforests, edited by: Gentry, A., Yale University Press, New Haven, 60-71, 1990. 

Loveland, T. R., and Dwyer, J. L.: Landsat: Building a strong future, Remote Sensing of Environment, 122, 22-29, 930 

10.1016/j.rse.2011.09.022, 2012. 

Lu, D.: Aboveground biomass estimation using Landsat TM data in the Brazilian Amazon, International Journal of Remote 

Sensing, 26, 2509-2525, 10.1080/01431160500142145, 2005. 



36 

 

Lu, D., and Batistella, M.: Exploring TM image texture and its relationships with biomass estimation in Rondonia, Brazilian 

Amazon, Acta Amazonica, 35, 249-257, 2005. 935 

Lucas, R. M., Honzak, M., Amaral, I. D., Curran, P. J., and Foody, G. M.: Forest regeneration on abandoned clearances in 

central Amazonia, International Journal of Remote Sensing, 23, 965-988, 10.1080/01431160110069791, 2002. 

Magnabosco Marra, D., Chambers, J. Q., Higuchi, N., Trumbore, S. E., Ribeiro, G. H. P. M., dos Santos, J., Negron-Juarez, 

R. I., Reu, B., and Wirth, C.: Large-Scale Wind Disturbances Promote Tree Diversity in a Central Amazon Forest, 

PloS one, 9, e103711, 10.1371/journal.pone.0103711, 2014. 940 

Magnabosco Marra, D.: Effects of windthrows on the interaction between tree species composition, forest dynamics and 

carbon balance in Central Amazon, PhD, Institute of Biology, Leipzig University, Leipzig, Germany, 210 pp., 2016. 

Magnabosco Marra, D., Trumbore, S. E., Higuchi, N., Ribeiro, G. H. P. M., Negron-Juarez, R. I., Holzwarth, F., Rifai, S. 

W., Dos Santos, J., Lima, A. J. N., Kinupp, V. F., Chambers, J. Q., and Wirth, C.: Windthrows control biomass 

patterns and functional composition of Amazon forests, Global Change Biology, doi:10.1111/gcb.14457, 2018. 945 

Masek, J. G., Vermote, E. F., Saleous, N. E., Wolfe, R., Hall, F. G., Huemmrich, K. F., Gao, F., Kutler, J., and Lim, T. K.: A 

Landsat surface reflectance dataset for North America, 1990-2000, Ieee Geoscience and Remote Sensing Letters, 3, 

68-72, 10.1109/lgrs.2005.857030, 2006. 

Masek, J. G., Huang, C., Wolfe, R., Cohen, W., Hall, F., Kutler, J., and Nelson, P.: North American forest disturbance 

mapped from a decadal Landsat record, Remote Sensing of Environment, 112, 2914-2926, 10.1016/j.rse.2008.02.010, 950 

2008. 

Masek, J. G., Vermote, E., Saleous, N. E., Wolfe, R., Hall, F. G., Huemmrich, F., Gao, F., Kutler, J., and Lim, T. K.: 

LEDAPS Landsat Calibration, Reflectance, Atmospheric Correction Preprocessing Code. Model product. Available 

on-line [http://daac.ornl.gov] from Oak Ridge National Laboratory Distributed Active Archive Center, Oak Ridge, 

Tennessee, U.S.A. http://dx.doi.org/10.3334/ORNLDAAC/1080. 2012. 955 

Masek, J. G., Goward, S. N., Kennedy, R. E., Cohen, W. B., Moisen, G. G., Schleeweis, K., and Huang, C.: United States 

Forest Disturbance Trends Observed Using Landsat Time Series, Ecosystems, 16, 1087-1104, 10.1007/s10021-013-

9669-9, 2013. 

Massoca, P. E., Jakovac, A. C. C., Bentos, T., Williamson, G. B., and Mesquita, R. C.: Dynamics and trajectories of 

secondary succession in Central Amazonia, Bol. Mus. Para. Emílio Goeldi. Cienc. Nat., 7, 235-250, 2012. 960 

Mazzei, L., Sist, P., Ruschel, A., Putz, F. E., Marco, P., Pena, W., and Ferreira, J. E. R.: Above-ground biomass dynamics 

after reduced-impact logging in the Eastern Amazon, Forest Ecology and Management, 259, 367-373, 

10.1016/j.foreco.2009.10.031, 2010. 

McDowell, N. G., Coops, N. C., Beck, P. S. A., Chambers, J. Q., Gangodagamage, C., Hicke, J. A., Huang, C.-y., Kennedy, 

R., Krofcheck, D. J., Litvak, M., Meddens, A. J. H., Muss, J., Negron-Juarez, R., Peng, C., Schwantes, A. M., 965 

Swenson, J. J., Vernon, L. J., Williams, A. P., Xu, C., Zhao, M., Running, S. W., and Allen, C. D.: Global satellite 

monitoring of climate-induced vegetation disturbances, Trends in Plant Science, 20, 114-123, 

10.1016/j.tplants.2014.10.008, 2015. 

Mesquita, R. C. G., Delamonica, P., and Laurance, W. F.: Effect of surrounding vegetation on edge-related tree mortality in 

Amazonian forest fragments, Biological Conservation, 91, 129-134, 10.1016/s0006-3207(99)00086-5, 1999. 970 

Mesquita, R. C. G., Ickes, K., Ganade, G., and Williamson, G. B.: Alternative successional pathways in the Amazon Basin, 

Journal of Ecology, 89, 528-537, 10.1046/j.1365-2745.2001.00583.x, 2001. 

Mesquita, R. D. G., Massoca, P. E. D., Jakovac, C. C., Bentos, T. V., and Williamson, G. B.: Amazon Rain Forest 

Succession: Stochasticity or Land-Use Legacy?, Bioscience, 65, 849-861, 10.1093/biosci/biv108, 2015. 

Mitchell, S. J.: Wind as a natural disturbance agent in forests: a synthesis, Forestry, 86, 147-157, 10.1093/forestry/cps058, 975 

2013. 

Moorcroft, P. R., Hurtt, G. C., and Pacala, S. W.: A method for scaling vegetation dynamics: The ecosystem demography 

model (ED), Ecological Monographs, 71, 557-585, 10.1890/0012-9615(2001)071[0557:amfsvd]2.0.co;2, 2001. 

Landsat Science, http://landsat.gsfc.nasa.gov/: http://landsat.gsfc.nasa.gov/, access: May, 17, 2016. 

Nazeer, M., Nichol, J. E., and Yung, Y. K.: Evaluation of atmospheric correction models and Landsat surface reflectance 980 

product in an urban coastal environment, International Journal of Remote Sensing, 35, 6271-6291, 

10.1080/01431161.2014.951742, 2014. 

http://daac.ornl.gov/
http://dx.doi.org/10.3334/ORNLDAAC/1080
http://landsat.gsfc.nasa.gov/:
http://landsat.gsfc.nasa.gov/


37 

 

Negrón-Juárez, R. I., Chambers, J. Q., Zeng, H., and Baker, D. B.: Hurricane driven changes in land cover create 

biogeophysical climate feedbacks, Geophysical Research Letters, 35, 10.1029/2008gl035683, 2008. 

Negrón-Juárez, R. I., Baker, D. B., Zeng, H., Henkel, T. K., and Chambers, J. Q.: Assessing hurricane-induced tree mortality 985 

in U.S. Gulf Coast forest ecosystems, Journal of Geophysical Research-Biogeosciences, 115, 10.1029/2009jg001221, 

2010a. 

Negrón-Juárez, R. I., Chambers, J. Q., Guimaraes, G., Zeng, H., Raupp, C. F. M., Magnabosco Marra, D., Ribeiro, G. H. P. 

M., Saatchi, S. S., Nelson, B. W., and Higuchi, N.: Widespread Amazon forest tree mortality from a single cross-basin 

squall line event, Geophysical Research Letters, 37, L16701, 10.1029/2010gl043733, 2010b. 990 

Negrón-Juárez, R. I., Chambers, J. Q., Magnabosco Marra, D., Ribeiro, G. H. P. M., Rifai, S. W., Higuchi, N., and Roberts, 

D.: Detection of subpixel treefall gaps with Landsat imagery in Central Amazon forests, Remote Sensing of 

Environment, 115, 3322-3328, 10.1016/j.rse.2011.07.015, 2011. 

Negrón-Juárez, R. I., Jenkins, H. S., Raupp, C. F. M., Riley, W. J., Kueppers, L. M., Magnabosco Marra, D., Ribeiro, G., 

Monteiro, M. T. F., Candido, L. A., Chambers, J. Q., and Higuchi, N.: Windthrow Variability in Central Amazonia, 995 

Atmosphere, 8, 10.3390/atmos8020028, 2017. 

Negrón-Juárez, R. I., Holm, J. A., Magnabosco Marra, D., Rifai, S. W., Riley, W. J., Chambers, J. Q., Koven, C. D., Knox, 

R. G., McGroddy, M. E., Di Vittorio, A., Urquiza-Muñoz, J. D., Tello-Espinoza, R., Alegria-Muñoz, W., Ribeiro, G. 

H. P. M., and Higuchi, N.: Vulnerability of Amazon forests to storm-driven tree mortality, Environmental Research 

Letters, https://doi.org/10.1088/1748-9326/aabe9f  2018. 1000 

Nelson, B. W., and Amaral, I.: Destructive wind efects detected in TM images of the Amazon Basin, International Society 

for Photogrammetry and Remote Sensing, Rio de Janeiro, Brazil, 1994, 339-343,  

Nelson, B. W., Kapos, V., Adams, J. B., Oliveira, W., and Braun, O.: Forest disturbance by large blowdowns in the Brazilian 

Amazon, Ecology, 75, 853-858, 10.2307/1941742, 1994. 

Neter, J., Wasserman, W., and Whitmore, G. A.: Applied Statistics, 3rd edition ed., Allyn and Bacon Press, 1988. 1005 

Nobre, C. A., Sampaio, G., Borma, L. S., Castilla-Rubio, J. C., Silva, J. S., and Cardoso, M.: Land-use and climate change 

risks in the Amazon and the need of a novel sustainable development paradigm, Proceedings of the National Academy 

of Sciences of the United States of America, 113, 10759-10768, 10.1073/pnas.1605516113, 2016. 

Norman, J. M.: Modeling the complete crop canopy, in: Modification of the aerial environment of plant, edited by: Barfield, 

B. J., and Gerber, J. F., American Society of Agricultural Engineers, St. Joseph, 249-277, 1979. 1010 

Oleson, K. W., Lawrence, D., Bonan, G. B., Drewniak, B., Huang, M., Koven, C. D., Levis, S., Li, F., Riley, W. J., Subin, 

Z., Swenson, S. C., and Thornton, P. E.: Technical Description of version 4.5 of the Community Land Model (CLM), 

National Center for Atmospheric Research, Boulder, Colorado, NCAR Technical Note, 420, 2013. 

Ollinger, S. V.: Sources of variability in canopy reflectance and the convergent properties of plants, New Phytologist, 189, 

375-394, 10.1111/j.1469-8137.2010.03536.x, 2011. 1015 

Paletto, A., and Tosi, V.: Forest canopy cover and canopy closure: comparison of assessment techniques, European Journal 

of Forest Research, 128, 265-272, 10.1007/s10342-009-0262-x, 2009. 

Pereira, J., Chuvieco, E., Beaudoin, A., and Desbois, N.: Remote sensing of burned areas: A review., in: A review of remote 

sensing methods for the study of large wildland fires, edited by: Chuvieco, E., M-30375-1997, Universidad de Alcala, 

Alcalá de Henares , Spain,, 127-184, 1997. 1020 

Pickell, P. D., Hermosilla, T., Frazier, R. J., Coops, N. C., and Wulder, M. A.: Forest recovery trends derived from Landsat 

time series for North American boreal forests, International Journal of Remote Sensing, 37, 138-149, 

10.1080/2150704x.2015.1126375, 2016. 

Poorter, L., Ongers, F. B., Aide, T. M., Almeyda Zambrano, A. M., Balvanera, P., Becknell, J. M., Boukili, V., Brancalion, 

P. H. S., Broadbent, E. N., Chazdon, R. L., Craven, D., de Almeida-Cortez, J. S., Cabral, G. A. L., de Jong, B. H. J., 1025 

Denslow, J. S., Dent, D. H., DeWalt, S. J., Dupuy, J. M., Duran, S. M., Espirito-Santo, M. M., Fandino, M. C., Cesar, 

R. G., Hall, J. S., Hernandez-Stefanoni, J. L., Jakovac, C. C., Junqueira, A. B., Kennard, D., Letcher, S. G., Licona, J. 

C., Lohbeck, M., Marin-Spiotta, E., Martinez-Ramos, M., Massoca, P., Meave, J. A., Mesquita, R., Mora, F., Munoz, 

R., Muscarella, R., Nunes, Y. R. F., Ochoa-Gaona, S., de Oliveira, A. A., Orihuela-Belmonte, E., Pena-Claros, M., 

Perez-Garcia, E. A., Piotto, D., Powers, J. S., Rodriguez-Velazquez, J., Romero-Perez, I. E., Ruiz, J., Saldarriaga, J. 1030 

G., Sanchez-Azofeifa, A., Schwartz, N. B., Steininger, M. K., Swenson, N. G., Toledo, M., Uriarte, M., van Breugel, 

M., van der Wal, H., Veloso, M. D. M., Vester, H. F. M., Vicentini, A., Vieira, I. C. G., Bentos, T. V., Williamson, G. 

https://doi.org/10.1088/1748-9326/aabe9f


38 

 

B., and Rozendaal, D. M. A.: Biomass resilience of Neotropical secondary forests, Nature, 530, 211-+, 

10.1038/nature16512, 2016. 

Powell, S. L., Cohen, W. B., Healey, S. P., Kennedy, R. E., Moisen, G. G., Pierce, K. B., and Ohmann, J. L.: Quantification 1035 

of live aboveground forest biomass dynamics with Landsat time-series and field inventory data: A comparison of 

empirical modeling approaches, Remote Sensing of Environment, 114, 1053-1068, 10.1016/j.rse.2009.12.018, 2010. 

Powell, T. L., Galbraith, D. R., Christoffersen, B. O., Harper, A., Imbuzeiro, H. M. A., Rowland, L., Almeida, S., Brando, P. 

M., Lola da Costa, A. C., Costa, M. H., Levine, N. M., Malhi, Y., Saleska, S. R., Sotta, E., Williams, M., Meir, P., and 

Moorcroft, P. R.: Confronting model predictions of carbon fluxes with measurements of Amazon forests subjected to 1040 

experimental drought, New Phytologist, 200, 350-364, 10.1111/nph.12390, 2013. 

Powell, T. L., Koven, C. D., Johnson, D. J., Faybishenko, B., Fisher, R. A., Knox, R. G., McDowell, N. G., Condit, R., 

Hubbell, S. P., Wright, S. J., Chambers, J. Q., and Kueppers, L. M.: Variation in hydroclimate sustains tropical forest 

biomass and promotes functional diversity, New Phytologist, 219, 932-946, 10.1111/nph.15271, 2018. 

Purves, D. W., Lichstein, J. W., Strigul, N., and Pacala, S. W.: Predicting and understanding forest dynamics using a simple 1045 

tractable model, Proceedings of the National Academy of Sciences of the United States of America, 105, 17018-

17022, 10.1073/pnas.0807754105, 2008. 

Putz, S., Groeneveld, J., Henle, K., Knogge, C., Martensen, A. C., Metz, M., Metzger, J. P., Ribeiro, M. C., de Paula, M. D., 

and Huth, A.: Long-term carbon loss in fragmented Neotropical forests, Nature communications, 5, 

10.1038/ncomms6037, 2014. 1050 

Quesada, C. A., Lloyd, J., Anderson, L. O., Fyllas, N. M., Schwarz, M., and Czimczik, C. I.: Soils of Amazonia with 

particular reference to the RAINFOR sites, Biogeosciences, 8, 1415-1440, 10.5194/bg-8-1415-2011, 2011. 

R: R: A Language and Environment for Statistical Computing. R Foundation for Statistical Computing, https://www.R-

project.org. Vienna.  

, 2017. 1055 

Renno, C. D., Nobre, A. D., Cuartas, L. A., Soares, J. V., Hodnett, M. G., Tomasella, J., and Waterloo, M. J.: HAND, a new 

terrain descriptor using SRTM-DEM: Mapping terra-firme rainforest environments in Amazonia, Remote Sensing of 

Environment, 112, 3469-3481, 10.1016/j.rse.2008.03.018, 2008. 

Riebeek, H.: Why is that Forest Red and that Cloud Blue? How to Interpret a False-Color Satellite Image, 

https://earthobservatory.nasa.gov/Features/FalseColor/printall.php, 2017, 2014. 1060 

Riley, W. J., Zhu, Q., and Tang, J. Y.: Weaker land-climate feedbacks from nutrient uptake during photosynthesis-inactive 

periods, Nature Climate Change, 8, 1002-+, 10.1038/s41558-018-0325-4, 2018. 

Roberts, D. A., Nelson, B. W., Adams, J. B., and Palmer, F.: Spectral changes with leaf aging in Amazon caatinga, Trees-

Structure and Function, 12, 315-325, 10.1007/s004680050157, 1998. 

Roberts, D. A., Ustin, S. L., Ogunjemiyo, S., Greenberg, J., Dobrowski, S. Z., Chen, J. Q., and Hinckley, T. M.: Spectral and 1065 

structural measures of northwest forest vegetation at leaf to landscape scales, Ecosystems, 7, 545-562, 

10.1007/s10021-004-0144-5, 2004. 

Rocha, G. P. E., Vieira, D. L. M., and Simon, M. F.: Fast natural regeneration in abandoned pastures in southern Amazonia, 

Forest Ecology and Management, 370, 93-101, 10.1016/j.foreco.2016.03.057, 2016. 

Rosenvald, R., and Lohmus, A.: For what, when, and where is green-tree retention better than clear-cutting? A review of the 1070 

biodiversity aspects, Forest Ecology and Management, 255, 1-15, 10.1016/j.foreco.2007.09.016, 2008. 

Rouse, J. W., Hass, R. H., Schell, J. A., and Deering, D. W.: Monitoring vegetation systems in the great plains with ERTS, 

3rd Earth Resource Technology Satellite (ERTS) Symposium, December 10-14, 1973, Washington, DC, USA, 1973, 

309–317,  

Rozendaal, D. M. A., and Chazdon, R. L.: Demographic drivers of tree biomass change during secondary succession in 1075 

northeastern Costa Rica, Ecological Applications, 25, 506-516, 10.1890/14-0054.1, 2015. 

Rozendaal, D. M. A., Bongers, F., Aide, T. M., Alvarez-Davila, E., Ascarrunz, N., Balvanera, P., Becknell, J. M., Bentos, T. 

V., Brancalion, P. H. S., Cabral, G. A. L., Calvo-Rodriguez, S., Chave, J., Cesar, R. G., Chazdon, R. L., Condit, R., 

Dallinga, J. S., de Almeida-Cortez, J. S., de Jong, B., de Oliveira, A., Denslow, J. S., Dent, D. H., DeWalt, S. J., 

Dupuy, J. M., Duran, S. M., Dutrieux, L. P., Espirito-Santo, M. M., Fandino, M. C., Fernandes, G. W., Finegan, B., 1080 

Garcia, H., Gonzalez, N., Moser, V. G., Hall, J. S., Hernandez-Stefanoni, J. L., Hubbell, S., Jakovac, C. C., 

Hernandez, A. J., Junqueira, A. B., Kennard, D., Larpin, D., Letcher, S. G., Licona, J. C., Lebrija-Trejos, E., Marin-

https://www.r-project.org/
https://www.r-project.org/
https://earthobservatory.nasa.gov/Features/FalseColor/printall.php


39 

 

Spiotta, E., Martinez-Ramos, M., Massoca, P. E. S., Meave, J. A., Mesquita, R. C. G., Mora, F., Muller, S. C., Munoz, 

R., Neto, S. N. D., Norden, N., Nunes, Y. R. F., Ochoa-Gaona, S., Ortiz-Malavassi, E., Ostertag, R., Pena-Claros, M., 

Perez-Garcia, E. A., Piotto, D., Powers, J. S., Aguilar-Cano, J., Rodriguez-Buritica, S., Rodriguez-Velazquez, J., 1085 

Romero-Romero, M. A., Ruiz, J., Sanchez-Azofeifa, A., de Almeida, A. S., Silver, W. L., Schwartz, N. B., Thomas, 

W. W., Toledo, M., Uriarte, M., Sampaio, E. V. D., van Breugel, M., van der Wal, H., Martins, S. V., Veloso, M. D. 

M., Vester, H. F. M., Vicentini, A., Vieira, I. C. G., Villa, P., Williamson, G. B., Zanini, K. J., Zimmerman, J., and 

Poorter, L.: Biodiversity recovery of Neotropical secondary forests, Science Advances, 5, 10.1126/sciadv.aau3114, 

2019. 1090 

Ruiz, J., Fandino, M. C., and Chazdon, R. L.: Vegetation structure, composition, and species richness across a 56-year 

chronosequence of dry tropical forest on Providencia island, Colombia, Biotropica, 37, 520-530, 10.1111/j.1744-

7429.2005.00070.x, 2005. 

Sakschewski, B., von Bloh, W., Boit, A., Rammig, A., Kattge, J., Poorter, L., Penuelas, J., and Thonicke, K.: Leaf and stem 

economics spectra drive diversity of functional plant traits in a dynamic global vegetation model, Global Change 1095 

Biology, 21, 2711-2725, 10.1111/gcb.12870, 2015. 

Saldarriaga, J. G., West, D. C., and Tharp, M. L.: Forest succession in the Upper Rio Negro of Colombia and Venezuela. , 

1986. 

Saldarriaga, J. G., West, D. C., Tharp, M. L., and Uhl, C.: Long-term chronosequence of forest succession in the upper rio 

Negro of Colombia and Venezuela, Journal of Ecology, 76, 938-958, 10.2307/2260625, 1988. 1100 

Saldarriaga, J. G., and Luxmoore, R. J.: Solar-energy conversion efficiencies during succession of a tropical rain-forest in 

Amazonia, Journal of Tropical Ecology, 7, 233-242, 1991. 

Schmidt, G., Jenkerson, C., Masek, J. G., Vermote, E., and Gao, F.: Landsat Ecosystem Disturbance Adaptive Processing 

System (LEDAPS) Algorithm Description, U.S. Department of the Interior, Reston, Virginia, 17, 2013. 

Schroeder, T. A., Wulder, M. A., Healey, S. P., and Moisen, G. G.: Mapping wildfire and clearcut harvest disturbances in 1105 

boreal forests with Landsat time series data, Remote Sensing of Environment, 115, 1421-1433, 

10.1016/j.rse.2011.01.022, 2011. 

Schwartz, N. B., Uriarte, M., DeFries, R., Bedka, K. M., Fernandes, K., Gutierrez-Velez, V., and Pinedo-Vasquez, M. A.: 

Fragmentation increases wind disturbance impacts on forest structure and carbon stocks in a western Amazonian 

landscape, Ecological Applications, 27, 1901-1915, 10.1002/eap.1576, 2017. 1110 

Shimabukuro, Y. E., Arai, E., Duarte, V., Jorge, A., dos Santos, E. G., Gasparini, K. A. C., and Dutra, A. C.: Monitoring 

deforestation and forest degradation using multi-temporal fraction images derived from Landsat sensor data in the 

Brazilian Amazon, International Journal of Remote Sensing, 40, 5475-5496, 10.1080/01431161.2019.1579943, 2019. 

Shugart, H. H., and West, D. C.: Forest succesion models, Bioscience, 30, 308-313, 10.2307/1307854, 1980. 

Silverio, D., Brando, P., Bustamante, M. C., Putz, F. E., Magnabosco Marra, D., Levick, S. R., and Trumbore, S.: Fire, 1115 

fragmentation, and windstorms: A recipe for tropical forest degradation, Journal of Ecology, 

https://doi.org/10.1111/1365-2745.13076, 2018. 

Sombroek, W.: Spatial and temporal patterns of Amazon rainfall - Consequences for the planning of agricultural occupation 

and the protection of primary forests, Ambio, 30, 388-396, 10.1639/0044-7447(2001)030[0388:satpoa]2.0.co;2, 2001. 

Steininger, M. K.: Satellite estimation of tropical secondary forest above-ground biomass: data from Brazil and Bolivia, 1120 

International Journal of Remote Sensing, 21, 1139-1157, 10.1080/014311600210119, 2000. 

Swaine, M. D., and Whitmore, T. C.: ON THE DEFINITION OF ECOLOGICAL SPECIES GROUPS IN TROPICAL 

RAIN FORESTS, Vegetatio, 75, 81-86, 10.1007/bf00044629, 1988. 

Terborgh, J., Zhu, K., Loayza, P. A., and Valverde, F. C.: Seed limitation in an Amazonian floodplain forest, Ecology, 100, 

10.1002/ecy.2642, 2019. 1125 

Tollefson, J.: SPLINTERS OF THE AMAZON, Nature, 496, 286-289, 2013. 

Trumbore, S., Brando, P., and Hartmann, H.: Forest health and global change, Science, 349, 814-818, 

10.1126/science.aac6759, 2015. 

Tucker, C. J.: Red and photographic infrared linear combinations for monitoring vegetation, Remote Sensing of 

Environment, 8, 127-150, 10.1016/0034-4257(79)90013-0, 1979. 1130 

Tucker, C. J.: A critical review of remote sensing and other methods for nondestructive estimation of standing crop biomass, 

Grass and Forage Science, 35, 177-182, 10.1111/j.1365-2494.1980.tb01509.x, 1980. 

https://doi.org/10.1111/1365-2745.13076


40 

 

USGS: U. S. Geological Survey Surface Refelctance Produc Guide 

(https://landsat.usgs.gov/sites/default/files/documents/ledaps_product_guide.pdf). Acessed on February 17, 2017, 

2017. 1135 

Valencia, G. M., Anaya, J. A., and Caro-Lopera, F. J.: Implementation and evaluation of the Landsat Ecosystem Disturbance 

Adaptive Processing Systems (LEDAPS) model: a case study in the Colombian Andes, Revista de Teledeteccion, 46, 

83-101, http://dx.doi.org/10.4995/raet.2016.3582, 2016. 

van Doninck, J., and Tuomisto, H.: A Landsat composite covering all Amazonia for applications in ecology and 

conservation, Remote Sensing in Ecology and Conservation, 4, 197-210, https://doi.org/10.1002/rse2.77, 2018. 1140 

Vermote, E., Justice, C., Claverie, M., and Franch, B.: Preliminary analysis of the performance of the Landsat 8/OLI land 

surface reflectance product, Remote Sensing of Environment, 185, 46-56, 10.1016/j.rse.2016.04.008, 2016. 

Vermote, E. F., Tanre, D., Deuze, J. L., Herman, M., and Morcrette, J. J.: Second Simulation of the Satellite Signal in the 

Solar Spectrum, 6S: An Overview, IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, 35, 675-

686, 1997. 1145 

Vieira, I. C. G., de Almeida, A. S., Davidson, E. A., Stone, T. A., de Carvalho, C. J. R., and Guerrero, J. B.: Classifying 

successional forests using Landsat spectral properties and ecological characteristics in eastern Amazonia, Remote 

Sensing of Environment, 87, 470-481, 10.1016/j.rse.2002.09.002, 2003. 

Vieira, S., de Camargo, P. B., Selhorst, D., da Silva, R., Hutyra, L., Chambers, J. Q., Brown, I. F., Higuchi, N., dos Santos, 

J., Wofsy, S. C., Trumbore, S. E., and Martinelli, L. A.: Forest structure and carbon dynamics in Amazonian tropical 1150 

rain forests, Oecologia, 140, 468-479, 10.1007/s00442-004-1598-z, 2004. 

Vuolo, F., Mattiuzzi, M., and Atzberger, C.: Comparison of the Landsat Surface Reflectance Climate Data Record (CDR) 

and manually atmospherically corrected data in a semi-arid European study area, International Journal of Applied 

Earth Observation and Geoinformation, 42, 1-10, 10.1016/j.jag.2015.05.003, 2015. 

Walker, A. P., Beckerman, A. P., Gu, L., Kattge, J., Cernusak, L. A., Domingues, T. F., Scales, J. C., Wohlfahrt, G., 1155 

Wullschleger, S. D., and Woodward, F. I.: The relationship of leaf photosynthetic traits - V-cmax and J(max) - to leaf 

nitrogen, leaf phosphorus, and specific leaf area: a meta-analysis and modeling study, Ecology and Evolution, 4, 

3218-3235, 10.1002/ece3.1173, 2014. 

Williamson, G. B., Bentos, T. V., Longworth, J. B., and Mesquita, R. C. G.: Convergence and divergence in alternative 

successional pathways in Central Amazonia, Plant Ecology & Diversity, 7, 341-348, 10.1080/17550874.2012.735714, 1160 

2014. 

Winter, K., and Lovelock, C. E.: Growth responses of seedlings of early and late successional tropical forest trees to elevated 

atmospheric CO2, Flora, 194, 221-227, 10.1016/s0367-2530(17)30900-3, 1999. 

Woodcock, C. E., Allen, R., Anderson, M., Belward, A., Bindschadler, R., Cohen, W., Gao, F., Goward, S. N., Helder, D., 

Helmer, E., Nemani, R., Oreopoulos, L., Schott, J., Thenkabail, P. S., Vermote, E. F., Vogelmann, J., Wulder, M. A., 1165 

Wynne, R., and Landsat Sci, T.: Free access to Landsat imagery, Science, 320, 1011-1011, 2008. 

Wulder, M. A., Masek, J. G., Cohen, W. B., Loveland, T. R., and Woodcock, C. E.: Opening the archive: How free data has 

enabled the science and monitoring promise of Landsat, Remote Sensing of Environment, 122, 2-10, 

10.1016/j.rse.2012.01.010, 2012. 

Xiao, Y. F., Zhao, W. J., Zhou, D. M., and Gong, H. L.: Sensitivity Analysis of Vegetation Reflectance to Biochemical and 1170 

Biophysical Variables at Leaf, Canopy, and Regional Scales, Ieee Transactions on Geoscience and Remote Sensing, 

52, 4014-4024, 10.1109/tgrs.2013.2278838, 2014. 

Zeileis, A., Grothendieck, G., Ryan, J., Ulrich, J., and Andrews, F.: S3 Infrastructure for Regular and Irregular Time Series 

(Z's Ordered Observations), 73, 2018. 

Zhu, Q., Riley, W. J., Tang, J. Y., Randerson, J. R., Collier, N., Hoffman, F. M., Yang, X., and Bisht, G.: Representing 1175 

nitrogen, carbon, and phosphorus interactions in the ELMv1-ECA Land Model: Model development and global 

benchmarking, J. of Advances in Modeling Earth Systems, https://doi.org/10.1029/2018MS001571, 2019. 

  

https://landsat.usgs.gov/sites/default/files/documents/ledaps_product_guide.pdf
http://dx.doi.org/10.4995/raet.2016.3582
https://doi.org/10.1002/rse2.77
https://doi.org/10.1029/2018MS001571

