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Abstract 

Analysis of growth and biomass turnover in natural forests of Eucalyptus regnans, the 

world’s tallest angiosperm, reveals it is also the world’s most productive forest type, with fire 

disturbance an important mediator of net primary productivity (NPP). A comprehensive 

empirical database was used to calculate the averaged temporal pattern of NPP from 

regeneration to 250 years age. NPP peaks at 23.1±3.8 (95% inter-quantile range) Mg C ha-1 

yr-1 at age 14 years, and declines gradually to about 9.2±0.8 Mg C ha-1 yr-1 at 130 years, with 

an average NPP over 250 years of 11.4±1.1 Mg C ha-1 yr-1, a value similar to the most 

productive temperate and tropical forests around the world. We then applied the age-class 

distribution of E. regnans resulting from relatively recent historical fires to estimate current 

NPP for the forest estate. Values of NPP were 40% higher (13 Mg C ha-1 yr-1) than if forests 

were assumed to be at maturity (9.2 Mg C ha-1 yr-1). The empirically-derived NPP time-series 

for the E. regnans estate was then compared against predictions from 21 global circulation 

models, showing that none of them had the capacity to simulate a post-disturbance peak in 

NPP, as found in E. regnans. The potential importance of disturbance impacts on NPP was 

further tested by applying a similar approach to the temperate forests of conterminous USA 

and of China. Allowing for the effects of disturbance, NPP summed across both regions was 

on average 11% (or 194 Tg C yr-1) greater than if all forests were assumed to be in a mature 

state. The results illustrate the importance of accounting for past disturbance history and 

growth stage when estimating forest primary productivity, with implications for carbon 

balance modelling at local to global scales. 

Keywords: Net primary production, disturbance, Eucalyptus regnans, mountain ash, carbon, 

fire, CMIP5, global models, ecosystems 
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Introduction 

Globally, forests account for more than 70% of terrestrial net primary productivity (NPP), the 

net amount of carbon (C) fixed by plants per unit area per unit time (Alexandrov et al., 1999). 

Total terrestrial NPP is around 55.5 to 62.7 Pg C yr-1 (Huang et al., 2016) with the forest 

biome NPP, at about 40 Pg C yr-1, nearly five times greater than global annual average 

emissions from the burning of fossil fuels (9.3 Pg C yr-1 in 2016 Le Quéré et al., 2016). 

Forest NPP can change markedly with stand development phase or disturbance history: 

typically, NPP is low immediately after disturbance, then rises to a peak as young trees reach 

maximum leaf area and then declines gradually as stands age (Assmann, 1970, Ryan et al., 

1997, Chen et al., 2002, Pan et al., 2011, He et al., 2012). 

To better quantify the temporal patterns of change in NPP over time, we define the following 

concepts: 

• Current annual NPP (CAN) – The annual NPP for any given year; 

• Peak annual NPP (PAN) – The maximum annual NPP attained over the life of the 

forest stand; 

• Mean annual NPP (MAN) – The average annual NPP calculated over a period of 

years, decades or the life of the forest stand;  

• Steady-state NPP (SAN) – The average NPP when the forest biomass is in a steady- 

or near steady-state condition, such that net photosynthesis is approximately balanced 

by the turnover of forest biomass. 

Given the dynamics of NPP in many forests and the variety of static interpretations discussed 

above, it is important that NPP estimates of forests subject to stand-level regenerative 
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disturbances include information on the stage of forest development (Amiro et al., 2010, 

Haverd et al., 2014). 

Broadleaf evergreen forests of tropical and temperate zones are the world’s most productive 

forest biomes, especially where they occur in high rainfall areas close to the ocean (Pan et al., 

2015). Among these forests, the temperate broadleaf evergreen Eucalyptus regnans (F. 

Muell) of south-eastern Australia is the world’s tallest angiosperm, commonly reaching 

heights in excess of 90 m and is an obligate seeder species, i.e. requires fire for regeneration 

(Ashton, 1976). As a result of this regeneration strategy and because of commercial clear-

felling for its high value timber, the species exists in a large number of even-aged stands of 

different stages of development across the landscape. Therefore E. regnans forests offer the 

opportunity for investigating the effect of forest age distribution on NPP and regional carbon 

balances.  

In this study, our first objective is to estimate, using a comprehensive empirical database 

(Table S1), the change in NPP over time for E. regnans forests, and then to apply this 

generalised pattern to calculate NPP at a regional scale according to the known age-class 

distribution of these forests. Other factors that influence NPP such as climate and geographic 

variables are captured in the analysis as variability in the growth rates of stands of the same 

or similar age. Our approach does not attempt to identify these factors; instead the average 

growth curve is derived to demonstrate in a robust way the effect of stand age on NPP. As 

part of this analysis, the historical NPP trend calculated empirically is also compared with 

historical NPP predictions from a range of global carbon models from the CMIP5 inter-

comparison project (Taylor et al., 2012). The second objective is to apply the empirical 

approach to NPP calculation to temperate forests of China and the conterminous USA, to 

more broadly investigate the influence of historical disturbance on NPP. Our main aim is to 

evaluate an empirical, first principles approach to estimating NPP over time, with the 
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expectation that the method could be applied more generally to provide insight into global 

forest carbon cycling, and to assist in constraining estimates of the terrestrial carbon cycle. 

This is especially important in relation to forest recovery following disturbance, a significant 

aspect of the carbon cycle that is yet to be adequately addressed in many global carbon 

models .  

Materials and methods 

Empirical estimation of Eucalyptus regnans Net Primary Productivity (NPP) 

Datasets 

Seven separate datasets, containing 635 measurement plots, were used to estimate the NPP 

components of biomass increment and mortality (Supplementary, Table S1). Measurements 

relate to forest growth stages ranging from seedlings and saplings (1 to 7 years old) to old 

growth forests (>250 year old). Plot areas varied between 0.02 ha to 0.49 ha (Table S1). 

Measurements included diameter at breast height (1.3 m) over bark (DBH) and tree height, 

with tree age derived from fire history or year of regeneration following clearfell logging. 

The dataset of Walshe (2001) also included DBH, DBH adjusted for buttresses, crown stage 

(i.e. regrowth, early mature, mature, over-mature, senescent) and for each tree, crown 

position class (i.e. dominant, co-dominant, intermediate and suppressed). Based on crown 

position and stage, trees were separated into dominant, i.e. “overstorey” trees and 

“understorey or regrowth” trees. Litterfall data were extracted from published sources 

(Ashton, 1975, Polglase &  Attiwill, 1992). The dataset of Benyon and  Lane (2013) included 

a variety of mapped forest ages, derived from the Victorian State Forest Resource Inventory, 

and digitised at a 1:25,000 scale. Maps were developed using fire history in combination with 

aerial photographs.  
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Estimating NPP 

Based on first principles, NPP (including both overstorey and understorey production, and 

both aboveground and belowground) can be approximated by field measurements following 

Clark et al. (2001): 

𝑁𝑁𝑁𝑁𝑁𝑁 = 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖 + 𝐿𝐿𝐵𝐵𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑒𝑒𝐵𝐵𝑒𝑒𝑒𝑒 + 𝐹𝐹𝐵𝐵𝑖𝑖𝑖𝑖 𝑖𝑖𝐵𝐵𝐵𝐵𝑖𝑖 𝑖𝑖𝑡𝑡𝑖𝑖𝑖𝑖𝐵𝐵𝑡𝑡𝑖𝑖𝑖𝑖 + 𝑀𝑀𝐵𝐵𝑖𝑖𝑖𝑖𝐵𝐵𝑒𝑒𝐵𝐵𝑖𝑖𝑀𝑀 +

𝐻𝐻𝑖𝑖𝑖𝑖𝐻𝐻𝐵𝐵𝑡𝑡𝐵𝐵𝑖𝑖𝑀𝑀 + 𝐵𝐵𝑖𝑖ℎ𝑖𝑖𝑖𝑖 𝐵𝐵𝐵𝐵𝑖𝑖𝐵𝐵𝑖𝑖 𝑒𝑒𝐵𝐵𝐵𝐵𝐵𝐵𝑖𝑖𝐵𝐵       Eq. (1) 

Each of the terms in the equation is summed on an annual basis and defined as follows: 

Biomass increment is the change in the above-ground and below-ground mass of living plants 

from one year to the next; litterfall is the mass of plant materials shed from the aboveground 

parts of the forest; fine root turnover is the mass of plant fine roots dying; mortality is the 

mass of whole trees dying; herbivory is the mass of plant tissue consumed by fauna. Here we 

assume ‘other minor losses’ such as volatile organic compound (VOC) emissions are 

negligible, so that our estimate of NPP is based on the first five terms only (Table S2). 

Biomass increment, litterfall and mortality components of NPP are based on field 

measurements as explained below; fine root turnover and herbivory are estimated from the 

best available information from the literature (Table S2). 

Tree biomass and biomass increment  

The biomass of trees in each of the inventory plots was calculated as the sum of aboveground 

and belowground biomass. The aboveground tree biomass (AGB, Mg ha-1) including tree 

stem, bark, branches and foliage was estimated using one of three allometric equations 

according to tree size and age using DBH as a single predictor variable. For trees with a DBH 

of 10-150 cm the additive allometric equation of Ximenes et al. (2016) was applied. For old 

growth trees with DHB>150 cm the equation of Sillett et al. (2010) was used. Finally, the 

AGB of trees with DHB≤10 cm was estimated using a generic allometric equation for small 
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trees (Volkova et al., 2015). AGB was converted to carbon by multiplying by 0.47 (IPCC, 

2003). Belowground (or root biomass, Mg C ha-1) was estimated as described in Snowdon et. 

al. (2000), see also Table S2. 

𝑅𝑅𝐵𝐵𝐵𝐵𝑖𝑖 𝐻𝐻𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = exp (−0.39 + 0.712 × 𝐿𝐿𝑁𝑁(𝐴𝐴𝐴𝐴𝐵𝐵))   Eq. (2) 

A generalized Michaelis-Menten growth equation (López et al., 2000) was used to model the 

time course development of live biomass:  

𝑀𝑀𝑡𝑡 = (𝑀𝑀𝑐𝑐𝑐𝑐 × 𝑖𝑖𝑐𝑐)/(𝐾𝐾𝑐𝑐 + 𝑖𝑖𝑐𝑐).        Eq. (3) 

Where: Mt is the modelled live tree biomass (Mg C ha-1) at time t (years); Mcc is the infinite 

time value of M; and K and c are constants. Parameters Mcc, K and c were estimated using the 

solver function (Frontline Systems Inc. Incline Village, NV, USA) embedded within 

Microsoft Excel 2010, minimising the sum of squared deviations (SSDs) between observed 

and model-predicted biomass. Stand age and biomass were each log transformed to ensure 

representative fitting of the growth function at young forest ages. The total biomass 

increment was then calculated from the annual difference in predicted live biomass from Eq. 

3. 

Mortality 

The loss of C to mortality in E. regnans forests (Mg C ha-1 yr -1) was modelled using an 

empirical function (MDBC, 2007) able to capture the observed mortality trend of an initial 

steep increase due to intense competition between individuals (i.e. self-thinning), followed by 

a more gradual decline and transition to a lower natural mortality rate representative of 

forests at maturity:  

𝑀𝑀𝐵𝐵𝑖𝑖𝑖𝑖𝐵𝐵𝑒𝑒𝐵𝐵𝑖𝑖𝑀𝑀 = �𝑀𝑀𝑠𝑠𝑠𝑠 + 𝑀𝑀𝑝𝑝� × � 2

1+𝑒𝑒�
−𝑡𝑡
𝑎𝑎 �
− 1� + 𝑀𝑀𝑝𝑝 × �𝑖𝑖�

−𝑡𝑡
𝑏𝑏 � − 1�   Eq. (4) 
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Where: MSS is the steady state mortality rate, MP is the magnitude of the mortality peak, a and 

b are time scaling constants, and t is time (years). Parameters MSS, MP, a and b were fitted 

using the solver function described above, through minimising the SSD of observed vs. 

predicted mortality. Observed mortality was calculated as the number of trees dying in a 

given year (trees yr -1), multiplied by the mean biomass of the dying trees (Mg C ha-1). The 

number of dying trees was derived from our empirical dataset of trees per hectare over a wide 

range of ages, from which we developed a generalized self-thinning curve (negative power 

function, y=14.88Age-0.283, Supplementary material, Fig. S1). The mean biomass of the dying 

trees was calculated assuming ‘thinning from below’, such that the smallest trees within the 

population at any given age were assumed to die, to achieve the observed stems per hectare 

and aboveground live biomass at the next age. 

Litterfall and root turnover 

Annual rates of litterfall were also estimated using the generalized Michaelis - Menten 

growth equation, fitted to empirical data (Eq. 3; where Mt in this case is litterfall (Mg C ha-1 

yr -1) at time t (years) and Mcc the litterfall at maturity). The parameters for Eq. 3 were 

obtained using the Solver function described above, again minimising the SSDs between 

observed and model-predicted litterfall rates. Litterfall includes leaves, fruits, buds and bark 

but excluding coarse components such as branches and larger stem components. Rates of 

litterfall in E. regnans forests included understorey components and were the average annual 

rates derived from monthly collections over two years or six years (Ashton, 1975, Polglase &  

Attiwill, 1992). 

Due to a paucity of data on root turnover in E. regnans or any closely related Eucalyptus 

species, we applied a conservative approach of setting fine root turnover equal to litterfall 

(McClaugherty et al., 1982, DesRochers &  Lieffers, 2001). Coarse root turnover was 

excluded from the analysis, due to the absence empirical data. 
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Herbivory 

Herbivory was approximated as 5% of the sum of biomass increment, mortality, litterfall and 

root turnover (Perry et al., 2008). This assumption is conservative (Table S2) and, once root 

turnover is excluded, is broadly consistent with the average herbivory of 7.9% of 

aboveground NPP for temperate/tropical shrublands and forests (n = 52) reported by Metcalfe 

et al. (2014). The release of volatile organic compounds (VOCs) was not accounted in our 

approach to estimating NPP; simple estimates of the likely contribution of VOCs are in the 

range of 0.25 kg C ha-1yr-1 (Emmerson et al., 2016). 

Estimating uncertainty 

A bootstrap Monte Carlo analysis (Manly, 2006) was used to assess uncertainty in the 

estimate of NPP and its components (i.e. biomass increment, litterfall and mortality). For 

each of the increment, litterfall and mortality datasets, a random re-sampling of the data (with 

replacement) was performed 1,000 times, and NPP recalculated. The mean and 95% inter-

quantile range (based on the 2.5% and 97.5% quantiles) over the 1000 replicates was then 

calculated. When undertaking Monte-Carlo analyses the correlations among the variables 

being randomised must be carefully considered. For example, in the calculation of NPP a 

random realisation with a relatively low maximum litterfall rate should be combined with a 

random realisation with a relatively low rate of biomass accumulation, and vice-versa. To 

explore the implications of such correlations, the analysis was repeated by imposing a 

correlation structure on the randomly selected increment, litterfall and mortality samples, 

using the method of Iman and  Conover (1982). For the re-sampled increment data, the 

correlations were based on the mean predicted biomass at age 50; for the re-sampled litterfall 

data, the correlations were based on the steady state litterfall for each sample; for the 

mortality re-sampled data, the correlations were based on the peak mortality value. Three 

levels of mutual correlation among the three variables were explored; 0.0, 0.25, and 0.75. The 
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results from this analysis indicated minimal difference (<2%) on overall NPP estimates of 

MAN, CAN, SAN and PAN across the three correlation levels, hence the results presented 

here are all based on an inter-parameter correlation of 0.0. 

Estimating the effect of historical disturbance on NPP 

1.Effect of disturbance on NPP of E. regnans 

We applied the resulting NPP curve to the spatio-temporal disturbance (fire) history of E. 

regnans across Victoria to estimate current annual NPP (CAN). The main input information 

required was the annual area of forest burnt by wildfire, and the proportion of trees killed by 

fire. Spatial annual fire extents for the state of Victoria from 1930 to 2014 were overlaid with 

the distribution of E. regnans forests, comprising in total 246,542 ha (data sourced from the 

Victorian Department of Environment, Land, Water and Planning fire history records). For 

each location containing E. regnans forest, the temporal fire history was then combined with 

the predicted NPP curve, to create a time-course of changes in NPP. This was then summed 

across space to yield a state-level estimate of historical changes in total NPP. The analysis 

was run from 1939 through to 2014 and encompassed the extensive wildfires of 1939, 1983 

and 2009. The initial NPP at the start of the simulation was assumed to be the steady-state 

estimate (SAN). 

The spatial fire history comprised maps of individual fire scar perimeters and the year of fire, 

but did not indicate how much of the area within the perimeter was actually fire affected, or if 

the fire intensity was sufficient to induce full mortality and subsequent forest regeneration. 

However, the derived NPP curve describes the recovery of a forest under the assumption of a 

complete stand-replacing event. To account for this, only a proportion of each fire burn area 

was assumed to result in complete forest regeneration, as described below. 



11 
 

Estimating area proportion of forests killed in fires 

The 2009 Black Saturday bushfires were used to estimate the proportion of forests killed by 

wildfire, based on fire severity class (Benyon &  Lane, 2013). A fire severity map, which 

provided information on five fire severity classes (i.e. 1=crown burn; 2= crown scorch; 

3=moderate crown scorch; 4/5a=light or no crown scorch, understorey burnt; 5b= no crown 

scorch, no understorey burnt) was overlaid with a distribution map of E. regnans. The area of 

each severity class was estimated using Arc GIS 10.2 (Esri Inc. Redlands, California, US). 

The sum of areas with fire severities 1, 2 and 50% of 3 was divided by the total fire area (i.e. 

including all fire severity classes) to estimate a proportion of forest killed by fire. Due to lack 

of detailed information of fire severity for earlier bushfires (e.g. 1939 and 1983), it was 

assumed that the estimated proportion of forest killed in 2009 fire would be representative for 

all wildfire affected E. regnans used in our analysis, as the conditions associated with these 

fire events were similar. 

Comparison of empirically-derived NPP with estimates from global models 

The E. regnans analysis generated an empirically-derived spatially averaged NPP time-series 

for the period 1930-2014, representative of the E. regnans estate across southern Australia 

and inclusive of historical disturbance. In the context of global carbon modelling it is 

therefore of interest to investigate how this time-series compared against modelled 

predictions. This was achieved by extracting results from the CMIP5 global circulation model 

(GCM) inter-comparison project (Taylor et al., 2012). Within the inter-comparison database 

there were 21 model runs from ten institutions that provided both historical estimates of NPP, 

and which covered the southern Australia region (Table S3). For the purposes of analysis, 

model runs were averaged within institutes, given models from the same institution tend to 

yield similar results (Negron-Juarez et al., 2015). We note that although the majority of the 

vegetation models embedded within the GCM’s include fire disturbance as part of their 
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calculation, none of them have the capacity to simulate the sharp post-disturbance peak in 

NPP that has been commonly observed (Table S3, column 5). 

The historical CMIP5 Model simulation results were downloaded from https://esgf-

node.llnl.gov/search/cmip5/ on February 8 2018. Monthly data were averaged over replicate 

ensemble runs (when present) and summarised as annual spatial layers (one per year) for the 

period 1950-2005, using the RCMIP5 ver. 1.2.0 library of Todd-Brown and Bond-Lamberty 

(2015). The spatial distribution of E. regnans was then intersected with the annual CMIP5 

maps, and the mean (grid cell area-corrected) predicted NPP for each model across the E. 

regnans region calculated. This was achieved by first converting the vector-based E. regnans 

distribution map to a raster with a pixel resolution of 0.0075 degrees, and then for each pixel 

where E. regnans is present, obtaining the modelled NPP estimate corresponding to the pixel 

centre. This returns, for each pixel, NPP in units of Mg C ha-1 yr-1. The NPP for the estate as 

a whole was then obtained by calculating the total pixel NPP (Mg C yr-1) as the product of the 

per-ha NPP estimate and the pixel area (that varies with latitude), and then summing over all 

pixels and dividing by the total estate area (246,542 ha). 

2. Effect of disturbance on NPP of global temperate forests 

NPP estimates for the forests of the conterminous USA were obtained by combining NPP 

curves for 18 major forest types (He et al., 2012) with the spatial distribution of those same 

forest types (Ruefenacht et al., 2008) together with mapped estimates of forest age, reflecting 

previous disturbances (Pan et al., 2011, 2012). The process involved the following steps: 1) 

For each 1 km pixel, obtain the forest age from the GIS raster layer of Pan et al. (2012), and 

the forest type from the GIS raster layer of Ruefenacht (2008); 2) Using the NPP vs age 

curves from He et. al. (2012) for each pixel’s forest type, extract and save the NPP at the 

https://esgf-node.llnl.gov/search/cmip5/
https://esgf-node.llnl.gov/search/cmip5/


13 
 

current forest age. The forest age dataset is representative of year 2006, hence the NPP 

estimate returned by step 2 yields an empirically-derived estimate of NPP for the same year. 

The results from the above procedure were then compared against an assumption of steady-

state NPP (SAN), which was approximated as the predicted NPP at age 125 (the temporal 

limit of the published NPP curves) for each forest type. Although for many forest types 125 

years of age may not be near true ‘steady-state’ because NPP generally continues to decline 

after 100 years, it provides a conservative estimate (i.e. the true steady-state NPP will be 

lower than our estimate, Table S2). Differences between current day and steady-state NPP 

were then summarised for each forest type, and for the USA forests as a whole. 

NPP estimates for the forests of China were calculated similarly, through combining the areal 

extents of five broad forest types classified into age classes spanning the range 1 to 307 years 

(Wang et al. 2011; p. 1656, Fig 3), with the NPP curves for those same forest types (Wang et 

al., 2011; p1656, Table 3, forest types DNF, ENF-S, DBF, EBF and MB). The areal extent of 

the age classes for each forest type was extracted from a high resolution digitally scanned 

image of Fig. 3 of Wang et al. (2011). For the purposes of calculation NPP was averaged 

over years within each age class, and for consistency with the USA calculation, steady state 

was defined as the NPP at age 125. 

Results 

Net primary productivity of E. regnans – the world’s most productive forest 

The time series of NPP for E. regnans forests increases to a peak NPP (PAN) of 23.1 ± 3.8 

(95% inter-quantile range) Mg C ha-1 yr-1 at age 14 years, before gradually declining to a 

steady state NPP (SAN) of 9.2 ± 0.8 Mg C ha-1 yr-1 by age 130 years with an average NPP 

over 250 years of 11.4±1.1 Mg C ha-1 yr-1 (Fig. 1a). Biomass increment is the major 
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contributor to NPP at early ages, being 11.8 Mg C ha- 1 yr-1 or 66% of NPP at four years, 

decreasing to 0.2 Mg C ha-1 yr-1 by age 250 years, when it contributes only 5% to NPP (Figs. 

1b, S2). The rate of biomass increase from regeneration up to age 50 years is almost 20 times 

higher than the rate of biomass increase for forest aged 200 years or more (Fig. S2). 

Estimates of live biomass from which biomass increment is estimated, vary greatly across 

and within forest ages, and is greatest for old growth forests (>250 years) reaching as high as 

1,423 Mg C ha-1 (Fig. 1c). Modelled live biomass shows a tenfold increase over the first 60 

years of forest growth, followed by a less than doubling of accumulation over the next 200 

years, reaching 427 Mg C ha-1 on average for a 250 year old forest (Fig. 1c, solid line). 

Between the ages 10 to 50 years, mortality is the dominant component of NPP (Fig. 1b), 

reflecting the rapid early growth and turnover by self-thinning. Profuse regeneration of E. 

regnans following a stand-replacing disturbance results in seedling densities in excess of 

15,000 stems ha-1 at age four years, followed by steady decline afterwards to only 25 stems 

ha-1 at age 250 years (Fig. S1). Peak mortality is reached at age 16 years, at 11 Mg C ha-1 yr-1, 

and decreases rapidly thereafter to about 1 Mg C ha-1 yr-1 at age 100 years (Fig. 1d, solid 

line). After 50 years, litterfall (Fig. 1e) and root turnover become the major contributors to 

NPP, together accounting for as much as 80% of NPP after 130 years (Fig. 1b).  

Our estimated NPP is also independently validated using stream flow analysis for E. regnans 

(Annex 1). There is a reasonably good agreement between the empirically-derived NPP curve 

presented in Figure 1 and NPP inferred from combining stream flow records, water use 

efficiency (WUE), and changes in forest transpiration over time (Fig. S3). 

 

The rate of NPP increase and peak of NPP (PAN) of 23.1 Mg C ha-1 yr-1 for E. regnans is 

well above the highest NPP rates of 15-16 Mg C ha-1 yr-1 reported in the literature thus far 

(Fig. 2). Furthermore, the E. regnans NPP peak at age 14 years occurs much earlier than the 
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30-60 year range for most other forests, although the overall trend of NPP following 

regeneration is similar to curves for many temperate and boreal forests given in the literature 

(Fig. 2).  

Forest regeneration after disturbance increases NPP compared with long undisturbed forest  

Example from E. regnans forests of Australia 

Age-related changes in NPP for the E. regnans estate in Victoria (estimated at 246,542 ha) 

over the period 1939 to 2015, including three extensive wildfires that affected large forest 

areas in years 1939 (209,066 ha), 1983 (32,454 ha) and 2009 (68,453 ha) were assessed to 

demonstrate the importance of disturbance on NPP at a landscape scale. The analysis ignored 

smaller fires and management activities that initiated forest regrowth (e.g. clearfell logging 

and regeneration), as these impacted relatively small areas compared with the large wildfires 

in 1939, 1983 and 2009. 

Compared with the baseline steady state NPP (SAN) of 9.2 Mg C ha-1 yr-1 for old-growth E. 

regnans for the whole of the estate, the extensive fires of 1939 initiated an increase in NPP 

(CAN) to a maximum of around 15 Mg C ha-1 yr-1 by the decade of the 1950’s followed by a 

gradual decline to around 12 Mg C ha-1 yr-1 just prior to the 2009 wildfires (Fig. 3), which 

were extensive enough to result in another regional-scale NPP increase that persists until 

today. Fire severity heterogeneity resulted in significant spatial differences in stand-level 

NPP ranging from 9 to 16 Mg C ha-1 yr-1 due to the creation of a range of age classes in 

differing stages of stand development (Fig. 4). When averaged across the estate, NPP is 

higher by 40%, at about 13 Mg C ha-1 yr-1, compared to the steady state NPP. 

A comparison of historical changes in E. regnans over the period 1950-2005 with the CMIP5 

model results, for the same region as in Figure 4, show the model predictions are 

approximately consistent with forest steady state NPP (SAN, bold dashed line, Fig. 5). The 
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empirical NPP curve in 1950 is higher than any of the modelled estimates (solid bold line, 

Fig. 5). The majority of the CMIP5 model predictions show an increase in NPP over time and 

by 2005 the observed NPP is just within the range of some modelled estimates (Fig. 5). 

Example from temperate forests of USA and China 

Applying the method developed for E. regnans forests to published datasets of NPP and the 

occurrence of historical disturbance for temperate forests of USA and China, leads to an 

estimate of NPP of 11.1% (194 Tg C yr-1) greater overall than compared with the assumption 

of steady-state (Table 1). 

Discussion 

Changes in empirical estimates of forest net primary productivity (NPP) over time across a 

range of temperate and boreal forests typically show a peak in NPP after disturbance, 

followed by a decline as the forest matures. The analysis of growth and biomass turnover in 

natural forests of Eucalyptus regnans also conformed to this general pattern, with NPP 

estimates indicating this is the most productive forest type globally. 

The empirically-derived NPP presented in this study is comparable with other estimates of 

NPP for E. regnans available in the literature. An overview of model estimates of NPP for the 

Australian continent produces similar NPP for E. regnans forests ranging from 3 Mg C ha-1 

yr-1 to 18 Mg C ha-1 yr-1, though without a specified stage of forest development (Roxburgh 

et al., 2004). A terrestrial carbon and water cycling modelling study (Haverd et al., 2013) 

estimates SAN for E. regnans at 8.7 Mg C ha-1 yr-1 - which is close to the 9.2 Mg C ha-1 yr-1 

calculated here empirically.  

Our analysis shows that the rate of NPP increase and the peak in NPP (PAN) of 23.1 Mg C 

ha-1 yr-1 for E. regnans is well above the highest NPP rates of 15-16 Mg C ha-1 yr-1 reported 
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in the literature (Malhi et al., 2011, Kho et al., 2013). Furthermore, the E. regnans NPP peak 

at age 14 years occurs much earlier than the 30-60 year range for most other forests, although 

we were not able to find existing temporal changes in NPP for tropical forests (Pregitzer &  

Euskirchen, 2004, Kho et al., 2013). A peak NPP (PAN) that is more than double steady state 

NPP (SAN), as found in E. regnans, has only been reported once before, for Pseudotsuga 

menziesii (He et al., 2012). E. regnans’ large PAN is most likely a result of the regeneration 

strategy of this species, with dense post-fire seedling establishment, and high leaf area indices 

(Ashton, 1976). At the age of 20 years, mortality accounts for almost 50% of NPP. The 

mortality term can be interpreted as a correction to above ground biomass change. Mortality 

from self-thinning in E. regnans is about 60% yr-1 during the first 10 years and about 20% yr-

1 over the first 30 years. In comparison, mortality is 4 - 8 % yr-1 for Abies sachalinensis 

forests over 30-50 years (Shibuya et al., 2004, Larson et al., 2015), about 8% yr-1 over 50 

years for loblolly pine (Pinus taeda) forests (Peet &  Christensen, 1987) and 11% yr-1 over 10 

years for young Betula ermanii forests (Kikuzawa, 1993). By the age of 40 years, litterfall 

and root turnover become a dominant component of NPP in E. regnans. Due to lack of data 

on root turnover we applied a conservative approach of setting root turnover equal to 

litterfall. This approach is supported by a well-established relationship between foliage and 

root production (McClaugherty et al., 1982, DesRochers &  Lieffers, 2001) and places E. 

regnans root turnover below the 5.7 Mg C ha-1 yr-1 reported for Canadian native hardwood 

species (McClaugherty et al., 1982). A fine root biomass of 18.3 Mg ha-1 to 50 cm depth was 

reported in 38-year-old E. regnans (Feller, 1980). Based on this estimate, if we assume a 

turnover rate of 2 to 3 years for fine roots (Burke &  Raynal, 1994, Matamala et al., 2003), 

then this is consistent with an annual turnover of around 3.6 Mg C ha-1 (assuming 50% root 

mass is C), similar to litterfall in these forests (Polglase &  Attiwill, 1992). Our assumption 

that root turnover is equal to litterfall production means that root turnover accounts for about 
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40% of NPP during later stages of forest growth. This assumption is supported by other 

studies, with estimates for root production accounting for up to 33% of global annual NPP 

(Gill &  Jackson, 2000, Cai et al., 2016) or 40% in Amazonian forests (Rocha et al., 2014). 

The contribution of root turnover and associated mycorrhiza to total ecosystem carbon 

budgets remains uncertain due to methodological difficulties (Majdi et al., 2005). The 

significant contribution of litterfall to NPP is in agreement with other reported studies for old-

growth forests (Cai et al., 2016). 

 

The almost three-fold difference between peak NPP and steady state NPP in E. regnans 

reveals the importance of accounting for temporal changes in NPP for accurate estimation of 

forest productivity over the forest life cycle. Our analysis demonstrates that periodic stand 

replacing fire maintains NPP well above steady state NPP (SAN) over long periods in E. 

regnans, and more generally in obligate seeder forests. A similar pattern of carbon recovery 

after stand replacing fires has been observed in other studies reflecting the rapid regrowth of 

vegetation following fire (Goulden et al., 2011, Taylor et al., 2014, Yue et al., 2016). 

A comparison with the CMIP5 model results further highlights the potential importance of 

including time-varying NPP in response to disturbance. The empirical NPP curve in 1950 is 

much higher than any of the modelled estimates, reflecting the effects of the extensive 1939 

fires on observed NPP. This systematic under-prediction of NPP by CMIP5 models is 

consistent with the absence of key time-varying growth processes from the forest growth 

algorithms (Table S3). By 2005, the observed NPP is just within the range of some modelled 

estimates (Fig. 5), with changes in growth are likely due to a positive photosynthetic response 

to increasing atmospheric CO2 concentrations (a response that is not explicitly included in the 

empirical analysis, but which is embedded within the observations). The discrepancy between 

the observations and the modelled estimates is difficult to explain with any certainty, as a 
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number of factors could be responsible in addition to the effects of time-varying NPP. These 

could include the influence of the underlying model calibration datasets, the representation of 

plant functional types within the underlying vegetation models, and scale transition problems 

relating to the difference between the large grid cells that characterise most global models 

(Table S3) and the spatial scale of field-based data collection.  

Given the spatial scale at which global models operate, embedding disturbance impacts and 

linking them to subsequent changes in NPP over time is a non-trivial problem (Quillet et al., 

2010). At regional scales the problem becomes more tractable, and a number of models have 

included algorithms for linking population dynamics with disturbance at regional scales (e.g. 

Haverd et al. 2014). However, the only terrestrial carbon model of which we are aware that 

includes a capacity to simulate a peak in NPP following disturbance, with a subsequent 

decline over time, is the InTEC model of Chen et al. (2003). Within the InTEC model, the 

NPP response function is hard-coded based on empirical data, yielding NPP-age relationships 

similar to those shown in Figs. 1a, 2.  

At the larger spatial scales of the temperate forests of the US and China, comparison against 

the assumption of steady state (age 125 years) indicates an under-prediction of NPP in the 

order of 10-15%. Given temperate forests account for a quarter of global forest area (FAO, 

2015), and are therefore significant contributors to global carbon balance, these results 

suggest neglecting to account for dynamic NPP responses could lead to systematic under-

prediction of NPP at the global scale. 

One of the potential implications of our results for global carbon modelling is that, due to 

internal mass-balance constraints, under-prediction of NPP may lead to inaccurate estimates 

of the carbon residency time in vegetation, with flow-on consequences for the estimation of 

other components of the terrestrial carbon cycle (Barrett, 2002, Negron-Juarez et al., 2015). 
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Overall our results suggest spatial and temporal variability in NPP induced by disturbance is 

required to accurately estimate forest ecosystem productivity, with subsequent implications 

for the global terrestrial carbon budget. 
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Tables 

Table 1. Comparison of current versus steady state NPP for the temperate forests of 

China and the USA. ‘Current’ NPP estimates correspond to the years 2006 and 2011 for the 

USA and China analyses, respectively.  

Forest type Area, 
km2 

Actual 
NPP, 
Tg C yr-1 

NPP assumed 
at maturity, 
Tg C yr-1 

Difference, 
%* 

Total USA 1,825,949 1177.3 1068.13 -9.27 

Total China 933,280 567.01 482.21 -14.96 

Total Combined 2,759,229 1744.31 1550.34 -11.1 

* Difference is the difference between the analysis based on an assumption of mature forest 
NPP at age 125 and NPP taking into account historical disturbance. NPP estimates for 
individual forest types are given in the Supplementary Material, Table S5. 
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Figures 

 

Figure 1. a) Net Primary Productivity (NPP) of E. regnans forests. b) Contribution of 

each NPP component to the NPP over time. c) Total live tree biomass of E. regnans forests 

(includes overstorey, regrowth and small trees) fitted to the observed values. Each dot 

represents tree biomass at the plot level (N=632). d) Mortality curve of E. regnans forests 

(overstorey and other species) fitted to the observed values (N=41). Each dot represents 

estimated mortality in a year. e) Litterfall rate curve of E. regnans forests (includes 

overstorey, regrowth and small trees) fitted to the observed values (N=9). Dotted grey lines in 

a, d, e are the 95% inter-quantile range (based on the 2.5% and 97.5% quantiles) from Monte-

Carlo resampling. 
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Figure 2. NPP of various forest types over time, where the thick solid line is NPP of 

E. regnans forest presented in this study and other NPP estimates thin dashed lines are 

extracted from He et al., (2012) for various forests of the USA; Tang et al.,(2014), for 

temperate and boreal forests; Chen et al., (2002) for boreal forests of Canada; Wang et al., 

(2011) for various forests of China. 
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Figure 3. Steady-state NPP of 9.18 t C ha-1 yr-1(SAN) of E. regnans forests excluding 

fire effect (dashed line) and current annual NPP (CAN) accounting for forest regeneration 

after fires (solid line); dotted grey lines are 95% confidence limits. 
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Figure 4. Variability in E. regnans NPP estimates across the landscape accounting for 

fire induced regeneration. 
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Figure 5. NPP of E. regnans estimated using global models of CMIP5. Observed 

current annual NPP (CAN) is thick solid  line and observed steady state NPP (SAN) is thick 

dotted line. Detailed estimates of NPP by individual CMIP 5 models are given in Table S4. 
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