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Abstract

:

Forests play an important role in climate regulation due to carbon sequestration. However, a deeper understanding of forest carbon flux dynamics is often missing due to a lack of information about forest structure and species composition, especially for non-even-aged and species-mixed forests. In this study, we integrated field inventory data of a species-mixed deciduous forest in Germany into an individual-based forest model to investigate daily carbon fluxes and to examine the role of tree size and species composition for stand productivity. This approach enables to reproduce daily carbon fluxes derived from eddy covariance measurements (R2 of 0.82 for gross primary productivity and 0.77 for ecosystem respiration). While medium-sized trees (stem diameter 30–60 cm) account for the largest share (66%) of total productivity at the study site, small (0–30 cm) and large trees (>60 cm) contribute less with 8.3% and 25.5% respectively. Simulation experiments indicate that vertical stand structure and shading influence forest productivity more than species composition. Hence, it is important to incorporate small-scale information about forest stand structure into modelling studies to decrease uncertainties of carbon dynamic predictions.






Keywords:


forest model; species-mixed deciduous temperate forest; carbon fluxes; structure; tree size; species composition; FORMIND; eddy covariance












1. Introduction


Forests mitigate the effects of climate change through carbon sequestration [1]. Globally, forests store about 45% of terrestrial carbon [2] and account for an annual net sink of 2.4 Pg C [3]. In Germany, forests cover one third of the total area (11 million hectares) [4], and store more than 2.5 Pg C in above- and belowground carbon stocks (soils up to a depth of 90 cm, 224 Mg C ha−1) [5].



However, forest carbon fluxes and stocks are spatially and temporarily heterogeneous [6,7,8]. Species composition, stand age, and management practices as well as site characteristics such as soil properties and climate can influence local carbon stocks and fluxes [9,10,11,12,13]. Mature beech forests in Germany, for example, store more carbon than spruce forests of similar age [5]. The amount of carbon in different pools such as deadwood, soil and aboveground biomass may also depend on environmental factors and management practices. For instance, a study in Belgium revealed that carbon accumulation in the soil increases with rising precipitation, lower temperature, and higher clay content [14]. These multiple drivers of carbon dynamics lead to high uncertainties regarding the quantification of carbon fluxes, especially in mixed (species-mixed) deciduous forests. Well-established approaches to investigate carbon fluxes, such as eddy covariance (EC) measurements and forest inventories, are limited in the spatial domain and need expensive implementations [15,16]. Forest inventories can routinely be performed only on smaller plots and forest stands that allow accessibility with respect to density. EC measurements are limited to flat, homogenous areas and atmospheric conditions with well-developed turbulence. For ideal conditions, EC measurements are representative for areas extending some hundreds of metres in length [16,17].



Additionally, both approaches just provide information about parts of the total carbon balance, such as the net ecosystem productivity (NEP), the gross primary productivity (GPP) and ecosystem respiration (Reco). While NEP can be directly measured, other carbon fluxes can only be derived indirectly [15,18]. For example, GPP and Reco are derived from NEP through partitioning methods [19,20,21]. Further in-depth details, such as the influence of species composition on the overall carbon dynamics, are difficult to derive from EC measurements solely. However, for political, management or society decisions, more accurate information about the carbon balance of forests is needed [7,8,22,23,24].



Forest models can bridge this gap by integrating ecological processes to investigate and predict consequences for individual trees, entire forest stands or even landscapes under current and future conditions [25,26]. In Central Europe, modelling and experiment-based studies have mainly focused on monocultures so far and rarely on mixed forest [27]. Therefore, our knowledge about the carbon dynamics in mixed forests is limited, especially regarding species interactions, competition, tree growth and their influence on stand productivity and ecosystem dynamics. This can lead to significant biases in landscape representations of carbon dynamics in areas with heterogeneous forest structures [8]. Incorporating forest stand structure and species composition information at the local level could help to reduce existing biases in ecosystem-level carbon dynamics estimates. Therefore, this study combines EC measurements and forest inventory data with an individual-based forest model to simulate daily carbon dynamics and carbon pools of a mixed forest in Central Germany. The aim of this study is to improve our understanding of carbon allocation in a forest ecosystem and its distribution across several species as well as tree size classes.



The following three questions were addressed:




	
Is it possible to reproduce daily carbon dynamics and carbon pools of a mixed deciduous forest in Germany with an individual-based forest model by integrating EC and inventory data?



	
What is the contribution of different tree species to the overall productivity of the forest stand?



	
What is the role of tree size for overall productivity of the forest, i.e., have a few larger trees a higher contribution to the productivity than many small trees?









2. Materials and Methods


2.1. Study Area


The study site is situated in the forest area Hohes Holz (DE-HoH, 52°08′ N 11°22′ E, 193 m above sea-level) which is located in the northern area of the Bode water catchment near Magdeburg in Central Germany in a temperate climate [28]. The ‘Hohes Holz’ forest is a deciduous forest covering an area of around 15 km2. The forest is dominated by sessile oak (Quercus petraea (Matt.) Liebl.), common beech (Fagus sylvatica L.), and hornbeam (Carpinus betulus L.) with sparse occurrence of other species such as silver birch (Betula pendula Roth.), in afforestation Norway spruce (Picea abies (L.) H.Karst.) and European larch (Larix decidua Mill.). Regular thinning in the forest area has been performed according to ‘shelterwood harvest’ or ‘single-tree selection harvest’ practices during the recent 40 years, whereas clear-cuts were partly conducted before the investigated time (2015–2017). The climate is a temperate climate with a mean annual temperature of around 10 °C and a mean annual precipitation of 516 mm (mean over 2015–2017; for long-term mean see Wollschläger et al. [28]). Climate data measured from 2015–2017 (simulation time) as well as stand characteristics of the station are summarized in Table 1.




2.2. Inventory Data


An EC tower was established in the study area to measure carbon and water fluxes (see Section 2.4). In the vicinity of this eddy tower an intensive research site with a size of 1 ha was established. The tree species occurring in the 1-ha study site also correspond to the tree species in the entire forest area. In 20 sparse sampling plots (plot diameter 30 m) in the potential eddy flux footprint area repeated biomass inventories are performed according to ICOS standards to confirm the representativity of the forest area outside the intensive research area (unpublished). Within this 1-ha research area, inventory data for tree positions, their diameters (at breast height, dbh), height and species were acquired by tachymetry (positioning of each tree from a fixed position via distance and angle), gripper (technical instrument to measure the diameter of large trees) and measuring tapes (for circumferences of smaller trees) in spring 2018 for all trees with a dbh ≥ 5 cm. This area of the ‘Hohes Holz’ forest consists of four dominant species: Fagus sylvatica (36.1% of total stem number), Quercus petraea (27.7%), Betula pendula (2.7%) and Carpinus betulus (33.5%). In total the 1-ha area has 260 trees, a basal area of 28.25 m2 ha−1 and an aboveground biomass of 329 Mg ODM ha−1 (=145 Mg C ha−1, please note: measurements in units of organic dry matter (ODM) were converted to units of C using C = 0.44 * ODM [29]; values correspond to inventory data for trees with a dbh ≥ 5 cm in 2018). Allometric equations to calculate the species-specific aboveground biomass are taken from Bohn et al. [30].




2.3. Environmental Data


Photosynthetic photon flux density (PPFD), air temperature and precipitation (input variables for simulation, see Section 2.5) are acquired in 49 m height on the eddy covariance tower. All these variables are sampled at a frequency of 0.05 Hz, aggregated on a 10 min basis and stored by a data logger (Campbell Scientific, Shepshed, UK). Soil water content at 40 cm was derived as an average from measurements in two spatially separated profiles, using horizontally placed sensors (see Table A1). Measured soil water content of the first simulation day (1 January 2015) was used to initialize the soil water content in the simulation (see Section 2.5.2 and Appendix A).



Soil properties were derived in several sampling campaigns and spatially distributed soil pits in the surrounding of the EC tower; averages from these for silt, clay and sand are 80%, 9% and 11%, respectively. According to Maidment (1993) [31], the soil is therefore defined as silt loam soil (see Appendix C).




2.4. Eddy Covariance Measurements


As part of the TERENO/ICOS observatory network [28,32], the station was established to derive carbon and water fluxes between the forest ecosystem and the atmosphere together with driving variables and parameters. EC measurements were carried out since summer 2014 at 49 m above the ground, about 20–25 m above the can-opy. The EC technique is used to assess intra- and inter annual changes of the carbon balance of the ecosystem.



Fluxes of carbon dioxide (as well as latent and sensible heat and momentum) are determined with the EC technique [16,33,34] using an ultrasonic anemometer for the high-frequency wind components and high-frequency temperature (Campbell CSAT-3, Campbell Scientific Inc., Logan, UT, USA) and an open-path infrared gas analyser (LI-7500, LiCor Inc., Lincoln, NE, USA) for the concentrations of carbon dioxide and water vapour. Flux computation from high frequency (20 Hz) raw data is performed with the EddyPro® software (v. 7.0.6) [35,36]. After removing physically unrealistic flux values from the time series, subsequent post-processing steps such as estimating the u*-threshold, gap-filling and flux partitioning were performed with the REddyProc (v. 1.2.2) package [37] using R (v. 4.0.3) and Rstudio (v. 1.3.1056). Gaps in CO2, air temperature and shortwave downward radiation (SWDR) were filled using the marginal distribution sampling method [21] as implemented in REddyProc. Additionally, some gaps in precipitation and PPFD were filled using the Kalman filter from imputeTS (v. 3.2) [38]. From the flux partitioning, GPP and Reco can be derived according to Reichstein et al. [21], representing the gross fluxes in and out of the ecosystem as 30 min averages for an area of about 10 ha around the tower depending on the footprint climatology [17]. These half-hourly values for NEP, GPP and Reco were summed up on daily time steps (g C m2 d−1). For comparison with the model output, the sign for NEP was changed indicating positive values as carbon sequestration of the forest ecosystem [39].




2.5. The Forest Model FORMIND


2.5.1. General Model Description


FORMIND is an individual- and process-based forest gap model which describes the succession of a forest in patches with a size of 20 m × 20 m [40]. These patches are typical for gap models that are describing the succession of a forest in subareas with different successional stages. The falling of big trees creates gaps in a forest stand which drives the dynamic of species succession. Up to 100 ha of forest area with a daily time step can be simulated, whereby the growth is determined for each individual tree. For each time step, four main processes are calculated: establishment, tree growth, mortality and competition (for light, space, and soil water). Main driving forces of these processes are the PPFD, the soil water content and the air temperature. While the vertical light condition for one tree is influenced by the shading of larger tree crowns, horizontal light conditions are homogenous within one patch. The soil water content of each patch is mainly driven by precipitation, interception, transpiration, and run-off characterised by soil properties as well as stand characteristics. Therefore the soil water content is continuously calculated and patch specific [40].



Input data of the model includes daily climate data: daytime mean PPFD, daily precipitation, the daytime mean of air temperature and the day length, where daytime was defined as the time when PPFD > 20 µmol m−2 s−1 [41]. All input variables affect processes of each tree individually, therefore photosynthesis and respiration are calculated for each tree separately. Thus, the influence of variable climate conditions on the carbon balance on tree and ecosystem level can be analysed.



Species-specific parameters for the four occurring tree species within the 1ha research area (see Appendix C, Table A3) as well as the allometric equations to describe the geometry (dbh, tree height, crown diameter) and the above-ground biomass of a tree were taken from Bohn et al. [30].



In the FORMIND model, a carbon flux module was used [29], which calculates the full carbon balance of a forest stand on a daily time step (see Appendix B).




2.5.2. Model Setup


Forest inventory data with spatially explicit tree positions (1 ha, see Section 2.2) were used to initialize the forest model (Table 1), assuming that the tree distribution within this area is representative for the footprint of the EC tower (see Section 2.2). Carbon fluxes were simulated for the years 2015–2017 with daily time steps. All simulated values are mean values over 10 simulation runs each with a size of 1 ha to minimize stochasticity effects of mortality and regrowth in simulation results. Soil carbon pools (fast-decomposing soil stock: 21.06 Mg C ha−1, and slow-decomposing soil stock: 95.95 Mg C ha−1) were initialized according to Grüneberg et al. with 117 Mg C ha−1 (carbon stocks in the organic layer and mineral soil down to a depth of 90 cm), with 18% in the organic soil [42]. The deadwood pool (4.14 Mg C ha−1) was adapted from Rödig et al. [41]. Soil water content was set for the first simulation day (1 January 2015, 22.2 Vol%) according to measured soil water content for that day at 40-cm depth (see Figure A1, see Table A2 and Table A3 for parameter setting).





2.6. Tree Size Classes and Productivity Index


In order to analyse carbon fluxes for different tree groups, trees were divided into three size classes according to their stem diameter (dbh) (as a surrogate for tree age): small trees with a dbh of 0–30 cm (DCs), medium size trees including trees with a dbh of 30–60 cm (DCM) and large trees (DCL) above 60 cm (see Figure 1).



In addition, we are using an index to compare productivity (AGPP) and respiration (AR) across species and tree size classes. Therefore the sum of GPP or autotrophic respiration (Ra) over all trees within a species group or within a tree size class is divided by the total basal area (BA) of the corresponding group.


   A  G P P   =     ∑   i = 1  N  G P  P  t r e e       ∑   i = 1  N  B  A  t r e e      










   A R  =     ∑   i = 1  N  R  a  t r e e       ∑   i = 1  N  B  A  t r e e      








where GPPtree (Mg C ha−1 a−1) is the productivity per tree, BAtree (m2 ha−1) is the basal area per tree and Ratree (Mg C ha−1 a−1) is the Ra per tree. The calculated index can be seen as the relative carbon use or respiration per basal area (Mg C m−2 a−1). This normalization enables a better comparison of the productivity and respiration across tree size classes and species. By dividing the productivity and the respiration by basal area (as a proxy for leaf area and tree biomass), the index gives information on the carbon allocation efficiency in a mixed deciduous forest across several species and tree-size classes. The higher the index, the more productive a species or a tree size class is per basal area.




2.7. Virtual Experiment with Species Composition and Forest Structure


Two virtual experiments were carried out to test whether the species composition (“species experiment”) or the forest structure (“forest structure experiment”) is more important for the overall productivity of the investigated forest stand. For the “species experiment” the simulation was initialized with virtual monocultures by replacing all trees in the forest inventory dataset by just one of the species from the species pool: Fagus sylvatica, Quercus petraea, Betula pendula or Carpinus betulus. Forest structure (i.e., sizes of all trees) was preserved as measured in the forest inventory. In the “forest structure experiment” all trees with a dbh larger than 60 cm were excluded from the inventory dataset to test the influence of the upper canopy on stand productivity. In this simulation setting mid-size trees can benefit from higher light availability.





3. Results


3.1. Biomass, Stem Size, Basal Area and Species Distribution Derived from Inventory Data


Simulations were all initialized with the 1-ha forest inventory data. From this data, we obtained an above-ground carbon content in the biomass of 145 Mg C ha−1, a basal area of 28.2 m2 ha−1 and a stem number per hectare of 260 ha−1 (Figure 1), which were more or less stable during simulation time (2015–2017). The inventory data shows a high proportion of Fagus sylvatica and Quercus petraea in biomass (44.3% and 40.4%, respectively, Figure 1f), stem number (36.2% and 27.7%; respectively, Figure 1b) and basal area (37.6% and 45.3%, respectively; Figure 1d). Carpinus betulus has a relatively large number of small trees (90% of all Carpinus betulus trees) which is typical as this species grows in forest gaps. The smallest proportions in biomass (3%), basal area (4.2%) and in stem number (2.7%) were seen in the species Betula pendula.



Most trees are found in the smallest size class (<30 cm). The number of trees per diameter class decreases with increasing tree size (DCs = 51.2%, DCM = 43%, DCL = 5.8%, Figure 1a). The biomass and basal area per tree size group is highest for the mid-tree size group (64.8% and 64.0%, respectively, Figure 1c,e) and lowest for the smallest tree size group with 10.4% of the total biomass and 12.8% of total basal area.




3.2. Simulated and Observed Daily Carbon Fluxes


Simulated and measured daily carbon fluxes for 2015–2017 of the study site DE-HoH are shown in Figure 2. The model can reproduce the measured fluxes at daily time scale and correlates with an R2 of 0.82 for GPP and of 0.77 for Reco. NEP correlates with an R2 of 0.65 (see Figure A2 in Appendix C). In the simulation, we obtain a mean value of 16.6 Mg C ha−1 a−1 for GPP and 13.2 Mg C ha−1 a−1 for Reco. Therefore, the forest is a carbon sink with a mean NEP of 3.4 Mg C ha−1 a−1 (Figure 2). Mean simulated annual values deviate from observed values by 14% for GPP and 17% for Reco. The observed RMSE of daily GPP is 9 Mg C ha−1 a−1 and the RMSE of daily Reco is 5.8 Mg C ha−1 a−1. Simulation results slightly underestimated observed values. However, the magnitude of seasonal and daily fluctuations could be reproduced with our simulation. Measured as well as simulated GPP reaches maximum daily values of around 70 Mg C ha−1 a−1 in summer time. This seasonal course can also be observed in Reco. During summer time Reco reaches maximum values of around 45 Mg C ha−1 a−1. During winter time, when the forest is nearly leafless, the forest releases carbon (−3.9 Mg C ha−1 a−1), and gains carbon in summer (10.8 Mg C ha−1 a−1).



In measured data, daily fluctuations are less compared to simulation results. Fluctuations of simulated carbon fluxes were mainly driven by temperature and water stress as well as by the available incoming light. Non-optimal meteorological conditions have stronger impacts on simulated carbon fluxes whereas measured carbon fluxes show less fluctuations on the daily timescale. One reason might be that sub-daily time scale processes such as stomatal closure to prevent transpiration on days with high temperatures are not directly included in the model. These processes could have influence on daily fluctuations due to a buffer effect for water or temperature stress. On the other hand, the reliable implementation of stress functions, especially the short-term temperature stress response of trees, is partly uncertain.



The strongest differences between simulated and measured values can be observed in spring time at the start of the growing season. During this season, simulated GPP and NEP are higher and fluctuate more than the EC-derived carbon flux. In winter time (October–March), measured GPP (3.7 Mg C ha−1 a−1) differs from model simulations as simulation results show no productivity during the dormant phase in winter time (further discussion on this issue see Appendix E).



Reco could be reproduced with model simulation throughout the year. Deviations between modelled and measured fluxes were mostly observed in summer time on days with high temperatures, low soil water content or on bright days. On these days’ simulated respiration is often lower than the measured respiration.




3.3. The Simulated Full Carbon Balance of a Temperate Mixed Deciduous Forest


With the forest model we are able to estimate all major carbon fluxes of the studied forest (including GPP, Reco, NEP, net primary productivity (NPP), Ra, Rh, dead biomass, soil), which are illustrated in Figure 3 as annual averages for the years 2015–2017. The carbon fluxes are related with the three major carbon pools: aboveground biomass, soil carbon and the deadwood pool. Simulations for the test site DE-HoH show that aboveground biomass is the largest carbon pool with around 127.3 Mg C ha−1 and includes foliage as well as the wood components. The simulated deadwood pool (tree mortality) has a carbon content of 30.2 Mg C ha−1. Due to simulated stochastic mortality events, this pool is highly variable throughout the simulation time (±9.5 Mg C ha−1). The total simulated soil carbon stock (144.8 Mg C ha−1) accumulates in two separated pools: the fast- and the slow-decomposition carbon pool. Due to decomposition, both the simulated deadwood pool (Rh deadwood: 1.2 Mg C ha−1 a−1) and the simulated soil carbon pool (Rh soil: 1.4 Mg C ha−1 a−1) also emit carbon through heterotrophic respiration (Rh) into the atmosphere. The simulated GPP of this forest stand is 16.6 Mg C ha−1 a−1 and NPP is 6 Mg C ha−1 a−1. Reco is 13.3 Mg C ha−1 a−1. The forest site De-HoH is therefore a carbon sink throughout the simulation time with a net uptake of 3.4 Mg C ha−1 a−1 (NEP).




3.4. Productivity and Autotrophic Respiration across Tree Size Classes Derived from Model Simulation


Simulation results show that all mid-sized trees (DCM) have the highest proportion of the simulated mean GPP, with around 66%, and Ra, with nearly 64% (see Figure A3 for respiration), whereas the small trees (DCs) have the lowest share of 8.3% of GPP (see Figure 4a) and 11.1% of Ra. Compared to DCs, trees of the DCL contribute 17.3% more to the overall productivity. This distribution is related to the basal area distribution at the study site (see Figure 1). Therefore, we use the basal area productivity index (see Section 2.6) to compare the relative productivity of each size class based on model simulation results. This comparison shows that the large trees (DCL) have a relative low AGPP of 0.3 Mg C m−2 a−1, while the less-productive small trees (DCs) have a higher AGPP of 0.45 Mg C m−2 a−1 (Figure 4c). The highest production per basal area of 0.66 Mg C m−2 a−1 could be observed in the mid-size tree group. The respiration per area AR is nearly the same for the trees in the DCs and DCM groups by around 0.4 Mg C m−2 a−1, while the large trees have a relatively small respiration index of 0.18 Mg C m−2 a−1 (for respiration see Appendix D, Figure A3).




3.5. Productivity and Autotrophic Respiration across Species Derived from Model Simulation


The distribution of the overall simulated productivity across the four tree species corresponds with the observed species occurrence at the study site, with Fagus sylvatica and Quercus petraea as the dominant tree species in GPP and respiration (Figure 4b, for respiration see Figure A3). In the case of Fagus sylvatica, simulated productivity is 7.4 Mg C ha−1 a−1 with an average AGPP of 0.55 Mg C m−2 a−1. Mean simulated respiration is around 4.4 Mg C ha−1 a−1 which results in an AR of 0.33 Mg C ha−1 a−1. For Quercus petraea, a slightly lower productivity (6.8 Mg C ha−1 a−1) but an equal respiration of 4.4 Mg C ha−1 a−1 were derived. AR of Quercus petraea is nearly the same to that of Fagus sylvatica, whereas the AGPP is lower (0.5 Mg C ha−1 a−1). The mean simulated productivity and respiration of Betula pendula and Carpinus betulus are much lower compared to Fagus sylvatica and Quercus petraea. They contribute only up to 14% of total productivity and 16% of respiration, whereas Betula pendula has the least share of productivity (3.2%) and respiration (4.9%) at this study site. This order can also be seen in productivity and respiration per BA (for respiration see Appendix D and Figure A3) based on model simulation results. Carpinus betulus has an AGPP of 0.3 Mg C m−2 a−1 and an AR of 0.19 Mg C m−2 a−1 whereas Betula pendula has an AGPP of 0.34 Mg C m−2 a−1 and an AR of 0.32 Mg C m−2 a−1 (Figure 4d).




3.6. Virtual Experiments: The Influence of Species Composition and Forest Structure on Forest Productivity


Simulation results of the species experiments show that the productivity for medium-sized trees is almost identical for all four monoculture settings (Figure 5a). For each monoculture setting, independent of the species, productivity of medium sized trees is around 12 Mg C ha−1 a−1. Compared to the inventory data setting, the productivity shows a mean increase of 13.5%. Without large trees (forest structure experiment) productivity of medium-sized trees increased for each simulation run compared to the simulation setting in the species experiment with large trees (Figure 5b). The forest structure experiment based on Quercus petraea benefits the most and shows an increase in productivity of 17.1% compared to the species experiment with Quercus petraea (with large trees). Fagus sylvatica and Carpinus betulus show an increase of around 12%, whereas the simulation based only on trees of the species Betula pendula show nearly no increase in productivity (2%).





4. Discussion


In this study, we demonstrate an approach to simulate daily carbon fluxes with an individual-based forest gap model and provide insights into the productivity and carbon allocation patterns of a mixed temperate forest in Germany. Our main findings from the model simulations are that, first, medium-sized trees account for the largest share of forest productivity at the study site and second, for the investigated forest, stand structure is more important for productivity than species composition.



4.1. Simulated Daily Carbon Fluxes and Uncertainties


Overall, the forest model is capable of reproducing the measured carbon fluxes at the daily time scale as well as the annual and seasonal cycle. Compared with Reco and NEP, GPP is better reproduced in the simulation (for 1:1 plot see Figure A2 in Appendix C), which was also observed in other studies with the same model [41]. One reason for this observation is that Reco is strongly coupled to GPP in FORMIND, and fluctuations in GPP always lead to fluctuations in Reco. Another reason could be that initial soil carbon pools are filled with typical values for German forests (rather than site specific values). Bedrock, management practices, species composition and climate influence soil carbon stocks of an area. In future, study-site-specific measurements of soil carbon stocks should be considered. Another source of uncertainty is based on the EC technique which only measures the net carbon exchange of the ecosystem (NEP) directly while GPP and Reco are derived by partitioning [37,43]. This process includes uncertainties, and values can be different by using other partitioning or post-processing methods whereby a calibration against these fluxes can only be as accurate as the data itself. Additionally, deviations might be a result of the available inventory data that was used to initialize the forest model. This inventory data set is spatially limited to 1 ha and therefore does not cover the whole footprint of the EC tower, which may exceed 10 ha in the main wind direction (for more discussion see Appendix E). Therefore, small deviations of simulated and observed values could have several reasons, from model structure to inventory or measurement uncertainties.




4.2. The Carbon Fluxes of Mixed Temperate Forests


Carbon fluxes of terrestrial ecosystems are highly dependent on management practices and environmental factors such as climate and forest structure. Carbon fluxes of mixed forest with a diverse species composition, e.g., with both evergreen and deciduous trees, are a result of competition between different growth strategies leading to different carbon dynamics. While in Europe temperate humid deciduous forests have typical GPP values of around 13.8 ± 0.5 Mg C ha−1 a−1 and mean Reco values of 10.5 ± 0.6 Mg C ha−1 a−1 (mean biomass:108.8 ± 56.7 Mg C ha−1, mean age: 75 ± 50), evergreen forests (mean biomass: 149.34 ± 135.6 Mg C ha−1, mean age: 91 ± 141) have higher productivity (17.6 ± 0.5 Mg C ha−1 a−1) and respiration rates (13.4 ± 0.6 Mg C ha−1 a−1) [9]. The study of Anderson-Teixeira (2021) reported higher productivity values of 19.5 ± 5.94 Mg C ha−1 a−1 and respiration values of 15.6 ± 7.7 Mg C ha−1 a−1 for mature temperate broadleaf forests (defined as ≥100 years old, biomass 121 ± 34 Mg C ha−1) around the world [44].



Europe-wide studies reported typical values for GPP of 11.1 ± 3.5 Mg C ha−1 a−1 based on EC measurements and site studies (12 ± 0.8 Mg C ha−1 a−1) [45]. Simulated GPPs with process-based ecosystem models such as LPJ-DGVM, Biome-BGC and ORCHIDEE reach mean values from 9 ± 2.3 up to 11.8 ± 2.9 Mg C ha−1 a−1. These Europe-wide estimates include less productive biomes such as Mediterranean, boreal as well as temperate semiarid evergreen forests [9,45], which could explain the lower values compared to temperate humid forests such as DE-HoH. Furthermore, the study site DE-HoH is located in an area with a high nutrient supply, which might lead to a higher productivity compared to other forests with equal species mixing due to favourable growing conditions. Other potential factors are climatic conditions. An evaluation of a global carbon flux dataset has shown that climatic conditions alone are responsible for 71% of global GPP variability, with increasing productivity along with increasing temperature and precipitation [9].



NEP show less correlation with meteorological drivers. Only 5% of the global variability can be explained with temperature and precipitation patterns [9]. NEP derived for EC sites was estimated to be around 3.1 ± 0.3 Mg C ha−1 a−1 for temperate humid deciduous forests with higher values for evergreen forests (+0.87) [9].



For eddy flux sites in Germany, NEP was estimated to be between 4.8–5 Mg C ha−1 a−1 for beech stands (unmanaged, uneven-aged mixed beech stand in mature state (0–250 years old) as well as a managed even-aged beech stand of Fagus sylvatica, 70–150 years old) [46] and between 4.4–6.98 Mg C ha−1 a−1 for a spruce forest [47]. A worldwide study estimated a value of 3.09 ± 1.9 Mg C ha−1 a−1 for mature temperate broadleaf forests (defined as ≥100 years old) [44]. These findings go along with the obtained values in this study and support the observation that European, as well as German forests, continuously accumulate carbon in their biomass and act as carbon sinks [5,9].



Simulation results from this study for Rh are close to literature ranges for similar biomes with slightly lower values compared to literature: values for humid temperate forests are between 3.8–4.2 Mg C ha−1 a−1 for Rh and between 6.7–9.5 Mg C ha−1 a−1 for Ra with higher values in evergreen forest compared to deciduous forest [9]. This might be a result of different species and growth strategies. While deciduous trees accumulate most of the carbon into their woody biomass, evergreen forests accumulates only 70% of their NEP into their woody components. The remainder accumulates into soil and other carbon pools, which often have shorter residence time, leading to higher respiration rates of soil carbon pools [9]. Hence, carbon pools in forest ecosystems depend on species composition and management history.



With increasing forest-structure complexity, e.g., due to a high number of coexisting species and heterogeneous tree age [48], the uncertainty in carbon flux estimates increases as well. Mixed forests need intensive and long-term investigation and monitoring to capture the different patterns within a forest, e.g., light conditions, resource availability, and inter- and intraspecific competition and their influence on the carbon dynamics [10,49]. This complexity is one of the main reasons why mixed forests are less represented in present studies [27]. Forest models can help to reduce this research gap.




4.3. The Impact of Tree Size and Forest Structure on Forest Productivity


Simulation results in this study show an increase of productivity with tree size from small- to medium-size trees, while the productivity of large tress (>60 cm) decreases. These results fit to previous studies, which reported a hump-shaped relationship of growth with tree diameter [50,51] as well as an age-related decline in forest productivity after maturity [11,52]. The age-related decline of productivity might be a result of decreased hydraulic conductance with tree height [11,53]. Therefore, large trees respond with an earlier stomatal closure to prevent a breakdown of the hydraulic system, which reduces daily net photosynthesis [54]. This phenomenon is reported for several tree species [55,56,57,58]. To compensate the higher hydraulic resistance, large trees allocate more carbon into fine roots and stem growth than in leaves, which results in reduced growth efficiency with age [53,59]. Other studies show that large trees can overcome this decline in growth efficiency by an increase of leaf area [60]. Fostering trees with a probable high productivity, e.g., through selective management, does not automatically result in increasing stand productivity because competition and age-related mortality might increase carbon losses. However, small trees with diameters less than 30 cm tend to be relatively less productive (in relation to their leaf area), especially if they are shaded by larger trees [51]. These shaded trees might not receive enough light to grow into the canopy and remain small or even die. Therefore, stand productivity is dependent on vertical stand structure and light conditions. When large trees were excluded from the simulation (virtual experiment), productivity of medium size trees increased. Due to their high productivity, medium size trees play thus an important role for climate mitigation strategies.




4.4. Forest Productivity for Different Tree Species


Despite tree size, species diversity can influence productivity in forest ecosystem by facilitation or complementary resource usage due to e.g., differences in root architecture or differences in their seasonal leaf development [61,62]. However, without resource limitation, species diversity is less important for productivity, which often applies for temperate forests [63]. Plots in Germany with low species diversity and a high occurrence of beech trees showed even higher productivity compared to plots with a higher species diversity [64]. Nevertheless, we found no evidence in the model simulations that one species is more productive than the others. With our model simulation for the investigated forest ecosystem, all species benefit equally from a potential monoculture setting and even more from the removal of large trees. Modelling studies that include evergreen trees could yield different results (Section 4.2). Recent studies mainly focused on information about functional diversity by integrating plant functional types [65] or trait distribution [66] to represent carbon dynamics rather than stand structure. Our virtual model experiments showed that stand structure is an important component in the carbon flux dynamics and should therefore be considered in modelling studies. Especially in heterogeneous forest, the influence of small and medium sized trees on the total stand productivity should not be underestimated. Because of their number and growth efficiency, they can overall be more productive than a few larger trees.




4.5. The Benefit of Modelling Forest Carbon Fluxes


The ability to simulate carbon allocation and pools of a heterogeneous forest using an individual- and process-based forest model with a species-specific parametrisation allows a broad range of analyses and virtual experiments. Such an analysis cannot be done with EC or inventory data alone, especially with regard to mixed forests.



While field measurements are often limited in space or time, forest models can be applied to multiple sites as well as across larger areas and allow for a variety of applications, such as the analysis of intra- and inter-annual carbon cycles of forest ecosystems. In particular, individual-based forest models are relevant tools as they enable the investigation of stand attributes or processes such as carbon dynamics, from local (tree, plot) and short temporal scales (day) up to stand and long temporal scales (years to centuries). This can help to examine the effect of inter- and intra-species competition, species mixing and individual tree growth as well as the effect on stand level. For example, one can analyse the influence of microclimate in a forest on carbon dynamics or the influence of species-specific water use strategies and how this might affect the water cycle due to changes in interception, precipitation or soil water content [27,67] Individual-based models based on forest inventories including tree size as well as species composition with a species-specific parametrisation enables a transfer to other sites. This approach could also facilitate large-scale analysis of carbon flux dynamics on tree level by linking model simulations with remote sensing (e.g., Rödig et al. [68]).



Simulation studies using forest models could help to develop new mitigation strategies based on site specific management plans, e.g., by promoting highly-productive or better-adapted tree species for more resistant forests under extreme events such as droughts [10,48,69]. Virtual experiments with different climates facilitate research on the reactions of different forest compositions and species (mixtures) and how this might change stability, biodiversity or other ecosystem services. These simulation experiments can help to identify important effects on different temporal and spatial scales [27]. The main restriction of forest simulations is the available data for validation and parametrisation, especially for mixed forest stands. This situation might change in the future with new long-term experiments and monitoring sites as well as more available inventory data of mixed forest [70].





5. Conclusions


In this study, we used an individual-based forest gap model in combination with inventory data to investigate daily carbon fluxes of a mixed deciduous forest in Germany at the study site Hohes Holz. We showed that the forest model is capable of reproducing daily carbon fluxes (GPP, Reco, NEP) measured with the EC approach at the study site. In addition, we used the forest model to analyse the role of tree size and species composition for the overall stand productivity. Our model simulation results indicate that medium-sized trees (30–60 cm) account for the largest share (66%) of the total stand productivity at the study site. Virtual experiments show that the exclusion of large trees from the simulation has a stronger effect on simulated productivity than modifying species composition. For this forest, stand structure has at least as much influence on productivity as species diversity. As a conclusion, we recommend considering more information about stand structure in addition to species diversity in modelling studies to decrease uncertainties of carbon dynamic representation and predictions of climate change impacts. We conclude that forest modelling can help to investigate components of the carbon cycle that could not be analysed with EC measurements or traditional forest inventories alone.
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Appendix A. Measured Variables at the EC Tower
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Figure A1. Daily measured (a) air temperature (T) in °C, (b) measured and simulated soil water content (SWC) in % and (c) photon flux density (PPFD) in μmol(photon) m2 s−1 for 2015–2017 at the forest site Hohes Holz. Grey dots in (a,c) represent daily averages. The black lines (a,b) show running means of each variable (7 days). Temperature, precipitation and PPFD serve as input data for the forest model. In the FORMIND model the soil water content is computed per 20 m × 20 m patch and depends on precipitation, interception and run-off as well as on trees individual consumption (transpiration). The simulated soil water is slightly lower than the measured soil water content during winter time (b) and higher during drought events, e.g., in 2016. 
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Table A1. Main abiotic variables measured at the EC tower in 33 m (air temperature), and 49 m (radiation and precipitation), and in 0.4 m soil depth (soil moisture) needed as input for the forest model FORMIND.
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	Variable Measured
	Abbreviation
	Unit
	Instrument Type, Manufacturer





	global radiation
	SWD

SWDR
	W m−2
	CNR4, Kipp & Zonen, Delft, The Netherlands

NR01, Hukseflux, Delft, The Netherlands



	photosynthetic photon flux density
	PPFD
	µmol (photons) m−2 s−1
	LI-COR, Lincoln, NE, USA



	air temperature
	Tair
	°C/K
	HMP155, Vaisala, Helsinki, Finnland



	precipitation
	precip

precip_back
	mm
	Thies 5.4032.35.008, Adolf Thies GmbH & Co. KG, Göttingen, Germany

Thies 54000, Adolf Thies GmbH & Co. KG, Göttingen, Germany



	soil water content
	SM
	Vol.%
	CS616, 30cm length, Campbell Scientific, Shepshed, UK









Appendix B


Appendix B.1. The Carbon Flux Module


The carbon cycle in FORMIND is simulated using four separate carbon pools: the aboveground biomass pool, the deadwood pool (D in Mg C ha−1), the fast (Sfast in Mg C ha−1) and the slow (Sslow in Mg C ha−1) decomposing soil pool [29]. The input to the deadwood pool is driven by tree mortality (M in Mg C ha−1 a−1). Microorganisms decompose the deadwood to soil with a specific degradation rate. The rate of decomposing defines if it accumulates into the slow (   t  D →  S  s l o w     )   or fast (   t  D →  S  f a s t      ) carbon soil stock (in Mg C ha−1 a−1). Due to decomposition, the deadwood pool (   t  D → A     in Mg C ha−1 a−1) and both soil carbon pools (   t   S  s l o w   → A    ,    t   S  f a s t   → A     in Mg C ha−1 a−1) also emit carbon into the atmosphere. The change in the pools are calculated as follows:


    d D   d t   = M −  (   t  D → A   +  t  D →  S  s l o w     +  t  D →  S  f a s t      )  · D  










    d  S  s l o w     d t   =  t  D →  S  s l o w     · D −  t   S  s l o w   → A   ·  S  s l o w    










    d  S  f a s t     d t   =  t  D →  S  f a s t     · D −  t   S  f a s t   → A   ·  S  f a s t    











To calculate the total ecosystem respiration (Reco in Mg C ha−1 a−1), the soil and deadwood respiration (Rh in Mg C ha−1 a−1) has to be added to the sum of respiration over all trees (Ra in Mg C ha−1 a−1).


   R h  =  t  D → A   · D +  t   S  s l o w   → A   ·  S  s l o w   +  t   S  f a s t   → A   ·  S  f a s t    










   R a  =  R m  +  R g   










   R  e c o   =  R a  +  R h   











The ecosystem GPP (Mg C ha−1 a−1) is the sum of GPPtree of all simulated trees. A fraction of the GPP is respired back into the atmosphere via autotrophic respiration Ra which can be divided into maintenance respiration (Rm in Mg C ha−1 a−1) for the maintenance of living cells and growth respiration (Rg in Mg C ha−1 a−1) for the net gain of biomass. The difference between GPP and Ra is NPP (net primary productivity, in Mg C ha−1 a−1) of foliage, stem, roots, branches and other plant organs. The metabolism of dead organic matter by microbes leads to heterotrophic respiration (Rh in Mg C ha−1 a−1) into the atmosphere. The sum of Rh and Ra is the total terrestrial ecosystem respiration (Reco). The difference between GPP and Reco is the net ecosystem productivity (NEP in Mg C ha−1 a−1). A positive NEP indicates the ecosystem as a carbon sink:


  N E P = G P P −  R  e c o    












Appendix B.2. Tree Photosynthesis


The potential GPPtree (in Mg C ha−1 a−1) for one tree is calculated on the leaf level using a light-response function and is then integrated over the entire canopy [40]. The light availability for each tree is based on the individual light climate (i.e., shading) and the photosynthetically active period defined by day length and vegetation period. Climatic input variables are used to calculate reduction factors of potential GPP due to a reduced soil water content or temperature stress.



Without any reduction (under optimal climate conditions) the potential GPPtree of a tree is:


  G P  P  t r e e    (   I  i n d    (  P P F D  ( t )   )   )  =    p  m a x    k  l n  {    α k  I  i n d    (  P P F D  ( t )   )  +  p  m a x  [  1 − m  ]      α k  I  i n d    (  P P F D  ( t )   )   e  − k L A I   +  p  m a x  [  1 − m  ]       }   A c  ψ  








where    p  m a x     is the species-specific maximum photosynthetic rate (μmol(CO2) m−2 s−1) of the tree species, α is the species-specific initial slope of the light-response curve (μmol(CO2) μmol(photons)−1), k is the light extinction factor and m is the transmission coefficient of the leaves. Iind is the fraction of the PPFD at daily time step t that reaches the top of the individual tree. Ac (m2) is the crown area, and  ψ  the photosynthetically active period of the time scale.



Under climate stress conditions, GPPtree can be reduced due to a limited available soil water content and due to temperature dependency [41]. The reduction of GPP is expressed through a reduction factor    φ  S W    ( t )    (0, 1) for temperature and    φ  S W     (0, 1) for water stress:


  G P  P  t r e e   = G P  P  p t r e e    ( t )  ·  φ  S W    ( t )  ·  φ T   ( t )   











The temperature reduction factor is calculated by the following normal distribution function based on Topt, an optimal temperature without reduction, and Tsig, which defines the range of temperatures distributed around Topt with nearly no reduction [41]:


   φ T  ∗  ( t )  =  e  −    (    − T  ( t )  −  T  o p t      T  s i g      )   n     











Water deficit influences the potential photosynthesis negatively when the soil water content is below the available soil water content for the trees (  S  W  m w s     which can be calculated through the   S  W  p w p     and the   S  W  f c     of the soil [71].


  S  W  m s w   = S  W  p w p   + 0.4  (  S  W  f c   − S  W  p w p    )   











  S  W  m s w     defines the minimum soil water content with no reduction, therefore the reduction factor    φ  S W     is calculated as followed [41]:


   φ  S W    ( t )  =  {      0 : S W  ( t )  < S  W  p w p           S W  ( t )  − S  W  p w p     S  W  m w s   − S  W  p w p     : S  W  p w p   < S W  ( t )  < S  W  m w s         1 : S W  ( t )  > S  W  m w s          











The soil water content (SWC) is calculated using the daily sum of incoming precipitation, interception by leaves, transpiration of trees, and above- as well as below-ground water runoff.




Appendix B.3. Tree Respiration


The respiration of each tree (Ra) is partitioned into maintenance respiration (Rm) and growth respiration (Rg). The maintenance respiration is calculated proportionally to the existing biomass of a tree, and is limited by a factor dependent on air temperature   κ  ( T )   .


   R m   ( t )  = r m ∗ B  ( t )  ∗ κ  (  T  ( t )   )   











Between maintenance respiration and temperature an exponentially relationship is assumed and expressed in the following equation, where Q10 and Tref are constant:


  κ  (  T  ( t )   )  =  Q  10        T  ( t )  −  T  r e f     10      











The growth respiration (Rg) is a constant fraction of (GPP-Rm) proportional to the growth rate of a tree.





Appendix C. Model Parameter


Model Parameter Calibration


The Parameterization for the species-specific allometric relationships between biomass and dbh as well as between dbh and height, crown diameter and mortality rate for Fagus sylvatica, Quercus petraea and Betula pendula are based on Bohn et al. [30] (Table A3) except for pmax and α (Table A2). The parameterization for Betula pendula was also taken for Carpinus betulus due to equal growth strategies.



All adjusted parameters (Table A2) were calibrated against measured NEP, GPP and Reco. The productivity parameters pmax and α needs to be adjusted upwards compared to Bohn 2014 to reach the measured carbon fluxes. The parameters that are influencing the carbon fluxes based on climate variability such as Topt, Tsig, Q10, Tref and the water stress related parameters SWpwp, SWfc were calibrated against filtered EC fluxes for optimal climate condition according to Rödig et al. [41]. Model functions were directly fitted through filtered data.



Other soil parameters such as porosity and pore size distribution. where set according [31] classification of a silt loam soil type.
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Table A2. Calibrated Model Parameter.
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Parameter

	
Fagus sylvatica

	
Quercus petraea

	
Betula pendula

	
Carpinus betulus






	
Productivity

	

	

	

	




	
pmax

	
max. photoproducitvity of leaf (µmol (CO2) s−1 m−2)

	
15.768

	
20.244

	
22.672

	
15.768




	
α

	
slope of light response curve (µmol (CO2) µmol(photons)−1)

	
0.1288

	
0.0736

	
0.0728

	
0.1288




	
Temperature

	




	
Topt

	
optimal temperature for photosynthesis (°C)

	
20.8




	
Tsig

	
width of new temperature curve (°C)

	
10.1




	
Q10

	
constant for temperature-dependent respiration

	
2.12




	
Tref

	
Reference temperature (°C)

	
18.4




	
Water

	




	
SWpwp

	
permanent wilting point (vol-%)

	
7.8




	
SWfc

	
field capacity (vol-%)

	
25.8




	
ks

	
Fully saturated conductivity ms−1

	
0.0000061




	
kl

	
Interception contant

	
0.1




	
ps

	
Pore size distribution

	
0.105




	
por

	
Porosity of the soil (vol-%)

	
50.1




	
SWInit

	
Initial soil water content (vol-%)

	
22.24




	
Θr

	
Residual soil water content (vol-%)

	
1.5




	
Establishment

	




	
Nseeds

	
Number of global seeds per ha−1 a−1 (estimated)

	
18

	
12

	
10

	
18











[image: Forests 12 00726 g0a2 550] 





Figure A2. Daily (left, (a) GPP, (c) Reco, (e) NEP) and monthly (right, (b) GPP, (d) Reco, (f) NEP) mean simulated vs. observed ecosystem carbon fluxes (NEP, GPP and Reco) at Hohes Holz for the calibrated parameterization for three years (2015–2017). 
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The forest model is capable to reproduce the measured GPP at Hohes Holz at the daily (r2 = 0.82, RMSE = 9.01) and even better on the monthly timescale (r2 = 0.97, RMSE = 4.56). The simulated respiration correlates with the measured values with an r2 of 0.77 (RMSE = 5.82) on the daily timescale and with an r2 of 0.91 (RMSE = 4.37) on the monthly timescale. NEP is reproduced on the monthly timescale with an r2 of 0.91 and a RMSE of 3.16. On the daily timescale NEP correlated with an r2 of 0.65 (RMSE = 7.16).
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Table A3. Summary of the species-specific parameters taken from Bohn (2014) [30].
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Parameter

	
Fagus sylvatica

	
Quercus

	
Betula spp.

	
Carpinus betulus






	
Biomass

	

	

	

	




	
b1

	
biomass calculation [72]

	
1.202

	
1.151

	
1.091

	
1.202




	
b2

	
5.727

	
5.187

	
6.394

	
5.727




	
d1

	
Growth curve [72]

	
4.70 × 10−3

	
7.06 × 10−3

	
3.74 × 10−3

	
4.70 × 10−3




	
d2

	
1.252

	
0.703

	
1.445

	
1.252




	
d3

	
1.39

	
1.184

	
1.145

	
1.39




	
Geometry

	




	
l0

	
LAI-dbh relation [73]

	
6.1

	
5.4

	
5.3

	
6.1




	
l1

	
0

	
0

	
0

	
0




	
h0

	
Height-dbh relation [72]

	
1.916

	
1.879

	
1.711

	
1.916




	
h1

	
61.036

	
45.341

	
51.488

	
61.036




	
c1

	
Crown-dbh relation [72]

	
0.155

	
0.173

	
0.207

	
0.155




	
c2

	
0.125

	
0.054

	
1.760

	
0.125




	
c3

	
0.066

	
0.066

	
0.277

	
0.066




	
f0

	
Form factor-dbh relation

	
0.571

	
0.631

	
0.499

	
0.571




	
f1

	
0.181

	
0.227

	
0.097

	
0.181




	
Mortality

	

	

	

	




	
m0

	
max. mortality at establishment

	
0.00890

	
0.00657

	
0.04841

	
0.0890




	
m1

	
slope of mortality

	
−0.761

	
−0.950

	
−0.210

	
−0.761




	
r2

	
[72]

	
0.001

	
0.002

	
0.018

	
0.001




	
Light and Establishment

	




	
k

	
Light extinction factor

	
0.7

	
0.7

	
0.7

	
0.7




	
m

	
Transmission coefficient of leaves [74]

	
0.1

	
0.1

	
0.1

	
0.1




	
Imin

	
Min. light intensity% to establish [30]

	
0.3

	
0.3

	
0.3

	
0.3











Appendix D. Autotrophic Respiration across Tree Size Classes and Species
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Figure A3. Simulated annual mean autotrophic respiration (Ra); (a,b), as well as respiration per basal area (c,d) across three tree size classes and occurring species. 
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Appendix E. Further Discussion: Inventory Data


Some deviation, mainly observed in spring and winter time, are most likely resulting from a model simplification concerning the implementation of the intra-annual cycle of deciduous tree species. Deciduous trees have two seasons: one vegetation period were trees are photo active and one dormant time in winter without photosynthesis at all. This model simplification explains the deviation and absent photosynthesis in winter in simulation results. Though, inventory data does not include a single needle leaf tree we can not exclude that there are some in the footprint area. This could be on explanation for the measured productivity in winter. A larger inventory data set could help to reduce uncertainties regarding the tree species composition. Needle leaf trees in the inventory data would have led to simulated productivity in winter time because simulated vegetation period for needle leaf trees would be a full year (365 days).
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Figure 1. Forest inventory data from 2018. Stem numbers (a,b); frequency distribution of stem size classes, basal area (c,d) and biomass (e,f) at the 1-ha intensive research area of the Hohes Holz (DE-HoH) forest across three tree size classes (left) and occurring species (right). 
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Figure 2. Daily simulated and measured carbon fluxes for the years 2015–2017 at the forest Hohes Holz (DE-HoH). The observed data as black lines, simulated carbon fluxes as green line for (a) GPP (b) Reco and (c) NEP. Measured temperature, the simulated and measured soil water content, and the photon flux density are in the Appendix A (see Figure A1). For 1:1 plot see Figure A2 in the Appendix C. 
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Figure 3. Measured and simulated major carbon stocks and fluxes in a temperate mixed deciduous forest in Germany (DE-HoH). All units are Mg C ha−1 for stocks or Mg C ha−1 a−1 for fluxes. Blue values indicate measured carbon fluxes with the EC method. Black values indicate simulated values, and arrow sizes are related to the magnitude of the flux. 
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Figure 4. Simulated annual mean productivity GPP; (a,b), as well as productivity per basal area BA; (c,d) across three tree size classes and species. The bars indicate the simulated temporal fluctuation throughout the simulation time and simulation runs. Due to the normalization of the index (values between 0.2–0.6), the variability in (c,d) seems large due to small changes in GPP and basal area. The productivity index is defined in Section 2.6. 
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Figure 5. Simulated productivity of medium-sized trees for two virtual experiments with (a) the species experiment based on monocultures for each of the species (coloured bars) and (b) the forest structure experiment without large trees (only trees with a dbh less than 60 cm). Both experiments are compared with the simulation results of the full inventory data (grey bars). For comparison with the forest structure experiment, all trees with a dbh > 60 cm were excluded. Virtual experiments are explained in Section 2.7. 






Figure 5. Simulated productivity of medium-sized trees for two virtual experiments with (a) the species experiment based on monocultures for each of the species (coloured bars) and (b) the forest structure experiment without large trees (only trees with a dbh less than 60 cm). Both experiments are compared with the simulation results of the full inventory data (grey bars). For comparison with the forest structure experiment, all trees with a dbh > 60 cm were excluded. Virtual experiments are explained in Section 2.7.



[image: Forests 12 00726 g005]







[image: Table] 





Table 1. General information about the study site Hohes Holz (DE-HoH) in Central Germany. Presented are forest inventory data from 2018 for the 1-ha intensive research area, climate data from 2015–2017 and carbon fluxes derived from EC measurements. Daytime was defined as the time when photosynthetic photon flux density (PPFD) > 20 µmol m−2 s−1 (night time was excluded). Climatic mean values were calculated as averages over 30 min measurements per day for 2015–2017. Eddy covariance mean values are the annual mean value of the daily sum of 30 min measurements for the years 2015–2017. * stand age according to forest management documentation.
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Location: Hohes Holz (DE-HoH)

	
52°08′ N 11°22′ E






	
Inventory 2018

	
Inventory data

	




	
Biomass (tree carbon content) (Mg C ha−1)

	
145




	
Basal area (m2 ha−1)

	
28.25




	
Mean stem diameter (dbh) (cm)

	
32.4




	
Average stand height (crown tops) (m)

	
23.5




	
Stand density (ha−1)

	
260




	
Stand Age (a) *

	
91




	
Climatological means

2015–2017

	
Climate data

	




	
Mean daytime temperature (°C)

	
10.4




	
Mean PPFD (µmol m−2s−1)

	
559.9




	
Annual precipitation sum (mm a−1)

	
516.8




	
Carbon flux means

2015–2017

	
Eddy Covariance estimates

	




	
GPP annual mean (Mg C ha−1 a−1)

	
19.4




	
Reco annual mean (Mg C ha−1 a−1)

	
15.9




	
NEP annual mean (Mg C ha−1 a−1)

	
3.5
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