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Executive Summary  
Afforestation activities and changes in forest management have contributed to net carbon uptake (sink) in 
Northern Hemisphere forests. Under the terms of the Kyoto agreements, and in the EU burden sharing 
agreement, reporting and accounting for forest emissions and sinks resulting from afforestation, 
reforestation and deforestation activities (i.e. article 3.3 forests) was mandatory for compliance to national 
emission reduction targets for Ireland (13% above the 1990 level for the period 2008-2012) after 1990. In 
inclusion of forest management (pre 1990) will also be mandatory form 2013 onwards. Carbon 
accounting procedures rely heavily on the establishment of national forest inventory programs, which can 
capture the change in C stocks over time. Following the completion of the first National Forest inventory 
in 2006, methods needed to be developed to integrate forest statistics and all available research 
information into a national forest GHG reporting system (CARBWARE). In order to ensure repeatability 
and consistency of reporting forest sinks the system was developed to be delivered as a stand-alone 
software tool with well-defined database structures and methodological work-flows. Additional policy 
support was required to support international negotiation for inclusion of forest management and 
harvested wood product sequestration in the accounting framework. 
A key national capacity requirement was development of single tree growth and mortality models to 
facilitate annual reporting using the NFI as the primary data input. In Ireland, there is an increasing need 
to develop individual tree growth models and height-diameter functions to facilitate the projection of 
volume or carbon stock changes using the NFI). In this context, height-diameter functions are required to 
derive height estimates from individual tree diameter increment models. 
The developed CARBWARE models and software were used to report on afforestation, reforestation and 
deforestation (ARD) activities under article 3.3 of the Kyoto protocol to the UNFCCC in 2010 and 2011. 
The same approaches will be used to report the remaining of the first commitment period for the periods 
2008 to 2012, covering submissions up to 2014. 
National emission reductions due to afforestation of ca. 270 kha since 1990 has resulted in a mean 
emission reduction of 2.8 Mt CO2 per year for the first three years of the 1st Kyoto commitment period 
(CP). These trends are expected to continue for the remaining CP, under a business as usual scenario, 
assuming afforestation rates of 8000 ha per year. It is estimated that the total emission reduction for ARD 
activities would be 13.9 M tCO2 for the period 2008 to 2012. Under the burden sharing agreements and 
assuming current national emission trends continue, it is estimated national emission would be 19% above 
the 1990 reference level, equating to an target emission excess of ca. 2 Mt CO2 per year without inclusion 
of the ARD sink. Inclusion and accounting of ARD activities means that Ireland can meet its Kyoto target 
without any additional measures such as the purchase of CERs in the ETS.  
It is also envisaged that the forest sink from article 3.3 forest would increase to 3.9 and 4.5 MtCO2 per 
year for the periods 2013-2020 and 2020-2030, respectively. This highlights the importance of 
maintaining an afforestation rate of at least 8000 ha per year into the future. In addition, close monitoring 
and avoidance of deforestation at the national level is important. In the long term (beyond 2040), the sink 
associated with ARD activities is expected to decrease and even result in a net emission if afforestation 
rates are not maintained above 10000 ha per year. 
Inclusion of forest management (pre 1990 forests) will be mandatory post 2012. This research shows that 
the forest sink in this category is decreasing due to shifts in the forest age class structure and premature 
clearfelling of forest lands. The introduction of a forward looking baseline as a reference level for 
accounting emission/reductions post 2012 would result in a zero gain or loss under business as usual 
management scenarios. This provides forest owners the opportunity of increasing forest sink through 
practical silviculture and wood utilisation policies.  
Based on this research following recommendations and guidelines are suggested regarding the national 
GHG inventory: 

 Implementation of a permanent a NFI facility to ensure continued repeat inventories in a 
consistent and timely manner.  
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 Suggested improvements to the methodologies used to measure trees in permanent sample plots 
by inclusion a larger sampling frequency of smaller diameter trees to reduce bias in the estimation 
stock changes in younger age class forests, which are a prominent feature of the national estate. 

 Introduction of a soil C monitoring platform within the NFI sample design.  
 Development of a cohesive hierarchical landscape-scale land use change C monitoring system by 

developing a multiple remote sensing-based monitoring system, which can be harmonised across 
all land use categories.  

 Development of a remote sensing platform to monitor land use transitions across all LULUCF 
categories and across time scales dating back to the reporting reference year (1990). Current NFI 
and CORINE based methodologies do not provide an accurate estimation of landscape changes at 
the national level, particularly for activities such as deforestation. 

Forest policy objectives should consider all aspects of climate change including mitigation, adaptation 
and impacts. Mitigation policies are currently focused on afforestation strategies and targets. The 
following guidelines should be considered: 

 Continued support of the afforestation programme above the current levels. We suggest that 
afforestation rates above 8000 to 10000 ha are required to ensure a sustained forest sink in the 
medium to long term. 

 Harmonisation of mitigation policy national policy to minimise leakage, where increased 
mitigation is attained in one sector whilst increasing emissions in other sectors. Examples of these 
include deforestation for wind farm development or whole stump harvesting for the energy sector. 

 Policies should be considered to provide regulation on silvicultural decisions made at the regional 
and national scale. For example it is shown that shift in age class distribution and premature 
clearfell can reduce the forest sink capacity.  

 Numerous incentives have been implemented to ensure enhanced sequestration through the use of 
harvested wood products, such as fossil fuel replacement using forest biomass. Harvest wood 
product utilisation should also include increased allocation to longer term end products.  

 National climate change research has tended to concentrate of mitigation and adaptation, to a 
smaller extent. However, a good understanding of the impacts of climate change of forest 
productivity and sink potential is required to develop informed mitigation and adaptation 
strategies. Investment in basic research capable assessing impacts at both the site and regional 
level is required. This requires long term research strategies.  
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Introduction (outline the context of the project and the objectives) 
Ecosystem greenhouse gas (GHG) balance in temperate and boreal forests is largely influenced by 
afforestation/deforestation and forest management activities (Magnani et al. 2007). It is suggested that 
afforestation and changes in forest management have contributed to net carbon uptake (sink) in Northern 
Hemisphere forests (Ciais et al. 2008). Although, relationships between forest productivity, net ecosystem 
uptake and stand age or management are well-established (Mund et al. 2002, Desai et al. 2005), reporting 
of these activities to the UNFCCC should reflect national circumstances in compliance to internationally 
agreed good practice guidelines. 
Under the terms of the Kyoto agreements, and in the EU burden sharing agreement, reporting and 
accounting for forest emissions and sinks resulting from afforestation, reforestation and deforestation 
activities (i.e. article 3.3 forests) was mandatory for compliance to national emission reduction targets for 
Ireland (13% above the 1990 level for the period 2008-2012) after 1990. Carbon sinks and emissions 
(sources) resulting from Forest Management (the activities specified in the Marrakech Accords and 
confined to forest in existence before 1990) was electable (on a voluntary basis) under Article 3.4 of the 
Kyoto Protocol for the period 2008-2012. Ireland and a number of other countries did not elect the 
activity primarily due to lack of data and uncertainty regarding the implications of election. However, 
during the lifetime of this project submission of a forward looking baseline reference for forest 
management was required as part of the post 2012 negotiations. 
These national commitments required the development of IPCC compliant methodologies for reporting 
forest emission/reductions to the UNFCCC. The major output form this project is a national reporting 
system and software facility (CARBWARE see manual in Appendix 1 and software instillation disc 
attached). The reporting system for forest was incorporated into the national inventory system (NIR see 
Duffy et al., 2011), managed by the EPA since 2010 and has since undergone 3 successful UNFCCC 
reviews.  
 
To report C stock and stock changes in Irish forests using LULUF IPCC good practice guidance and Kyoto 
convention compatible reporting methodologies the following specific objective had to be met: 

 Analysis of national forest statistics (NFI and IFORIS) and data streams to extract relevant 
information in a format compatible with CARBWARE 

 Refinement and redevelopment of CARBWARE models to include species and or cohort biomass 
models and inclusion of verifiable emission factors associated with management and cultivation. 

 Statistical sensitivity analyses to select a GPG-LULUCF complaint reporting procedure with the 
smallest uncertainty and error. This procedure will also enable us to compare different tier methods 
and select the best reporting approach. 

 The implementation of a data base of input data to allow for QA/QC of input data and formatting 
input data for mathematical operations in CARBWARE computations (software database interface)  

 Development of a windows based software interface based on the CARBWARE model and with 
compatible LULUCF, UNFCCC reporting table and Kyoto output files. This software should be able 
to run different scenarios and incorporation of sensitivity analysis. 

 Incorporation of a Harvested Wood Product (HWP) C-store reporting procedure into CARBWARE. 
 Independent peer review of reporting mechanism, prior to final submissions and re-development if 

required.  
 The publication of a LULUCF and Kyoto reporting manual, as part of the EPA National Inventory 

Report, which complies with GPG requirements, for Irish forests. 
 Implications of climate change on potential sequestration by Irish Forests using an ESC, yield based 

model, under different climate change scenarios. 
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Background (information about other work in this area, locally and internationally; relevance and 
applicability to Irish situation; gaps identified) 
Carbon sequestration by Irish forests was identified by COFORD’s Strategic Research Programme and 
the NDP (2000-2006) as a priority area where a gap in scientific knowledge exists. Information on carbon 
sequestration is required for reporting to the UNFCCC) on land use, land–use change and forestry 
(LULUCF). Estimation of the extent to which forests sequester C in the mid to long-term is hindered is by 
a high degree of spatial heterogeneity and temporal variability. Therefore, carbon accounting procedures 
rely heavily on the establishment of national forest inventory programs, which can capture the change in 
C stocks over time. Guidance on the development of inventories is provided by the Revised 1996 
Intergovernmental Panel on Climate Change Guidelines for National Greenhouse Gas Inventories 
(Houghton et al. 1997) and the Intergovernmental Panel on Climate Change Good Practice Guidance for 
Land Use, Land-Use Change and Forestry (Penman et al. 2004). These guidelines have raised a demand 
for country-specific biomass and growth data, and measurements of inputs and losses from forest soils, 
which can be used to calculate the potential of forests to mitigate the anthropogenic increase of 
atmospheric CO2 concentrations. This project was initiated because there was no national system for 
reporting GHG emissions/reductions under article 3.3 of the KP. However, new national capacity had 
been developed for delivery of the first national forest inventory (NFI) in 2006. Methods needed to be 
developed to integrate forest statistics and all available research information into a national forest GHG 
reporting system (CARBWARE). In order to ensure repeatability and consistency of reporting forest sinks 
the system was developed to be delivered as a stand-alone software tool with well defined database 
structures and methodological work-flows. CARBWARE had to be developed, tested and implemented 
before the first deadline (2010) for reporting on Article 3.3 activities to the UNFCCC.  
A key national capacity requirement was development of single tree growth and mortality models to 
facilitate annual reporting using the NFI as the primary data input. In Ireland, there is an increasing need 
to develop individual tree growth models and height-diameter functions to facilitate the projection of 
volume or carbon stock changes using the National Forestry Inventory (NFI, 2007). Projections and 
annual interpolation of tree diameter and height between repeated inventory cycles are particularly 
relevant for reporting annual carbon stock changes to the United Nation Framework Convention on 
Climate Change. In this context, height-diameter functions are required to derive height estimates from 
individual tree diameter increment models, such as those described by Monserud and Sterba (1996). 
Additional procedures needed to be developed to capture spatial representations of forestry activities not 
captured in the NFI, such as deforestation, harvesting estimated at the NFI plot level. Although some of 
these activities will be captured on completion of the second NFI in 2013, the methodologies developed 
here will be continued to be used in the national GHG forest inventory to address processes that are not 
captured using traditional forest inventories.  
Another DAFM and EPA policy support requirement was the provision of forest GHG projections up to 
2020 for article 3.3 and 3.4 forests. To facilitate this, the CARBWARE project had to develop different 
methodologies and support tools.  
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change (i.e. afforestation and deforestation) when the OSI produces the next range of ortho-rectified aerial 
photos in 2010 (NFI, 2007). 
Once forest plots are identified, field measurements are undertaken in established permanent plots. The 
exact location of the centre of ground survey plots is identified in the field by navigating to a six digit 
Irish national grid co-ordinate using both GPS and electronic compass/laser technology. The total area of 
the circular sample plot is 500 m2 (i.e. 25.24 m in diameter). The concentric circle approach, comprising 
three concentric circles with different radii is used for tree assessment. Trees of different dimensions are 
mapped and described on each particular plot (Figure 2). Individual trees in the plot are mapped and 
treemetric data are collected and archived in a GPS format. Forest mensuration measurements are made 
on selected individual trees within the plot based in the position within the plot and the threshold diameter 
(Figure 2). This information is used to estimate plot-level parameters, which was scale up to 400 ha per 
plot. 
 
 

 
 
Figure 2 The concentric plot design and mapping of individual trees NFI, 2007 
 
 
Soil surveys were also conducted in permanent sample plots. The soil group classification used in the NFI 
was a modification of the great soil groups employed in the National Soil Survey (Gardiner and Radford, 
1980), with the addition of sand, making 11 great soil groups. These include brown earths, gleys, 
regosols, grey brown podzolics, rendzinas, sands, brown podzolics, basin peats, lithososl, podzols and 
blanket peats. For a soil to be classified as peat, the peat depth had to be greater than 30 cm. Soil 
categories were aggregated into three major groups on the basis of their soil carbon characteristics, which 
can be used to estimate carbon stock change in soils. All mineral soils were grouped together. All organic 
soils with a depth greater than 30 cm were classified as peats soils. Mineral soils with an organic layer 
less than 30 cm were classified as mineral/peat soils.  
Forest stand attributes were also collected to classify forest age, rotation stage and management status so 
that inventories plots could be disaggregated into appropriate KP forest categories (see Appendix 1). The 
activity data was used to derive different forest categories depicting the different productive capacity and 
C stock pool changes to improve transparency and comparability. 
 

Afforestation activity data post NFI 
Activity data of land afforested in 2007 and 2008 after the completion of the first NFI was derived by GIS 
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analysis of the updated Premium Layer (Figure 1), a digitised map of indicative forest soils (IFS) and 
intersection with NFI grid co-ordinates (Figure 3). The resulting species/soil matrix was used to derive 
productivity classes and individual tree height values based on CARBWARE growth models (see 
Appendix 1). These tables were used as inputs into the CARBWARE software to generate carbon gains 
and losses (see Appendix 1) 
The soils and land cover datasets were derived from a number of map sources, remotely-sensed and 
ground-truthed data. A land cover map with a minimum resolution of 1 ha was derived using aerial 
photography and satellite imagery (Fealy et al., 2006). The land cover mapping exercise used the known 
occurrence of grassland types in Ireland and their relation to soils. Thematic classes include grassland, 
bog and heath, rocky complexes, bare rock, forest (unenclosed) and scrub, urban land, coastal complexes, 
and water bodies. The land cover dataset was derived primarily from remotely sensed data, including 
1995 Landsat TM satellite imagery, 1995 black and white stereo aerial photography and 2001 ETM 
satellite imagery.  
The digital soil mapping project delivered soil and subsoil/parent material maps by extending information 
obtained from various surveys using a soil cover model (Fealy et al., 2006). Over 40 per cent of the 
dataset is a direct derivative of the National Soil Survey (Gardiner and Radford 1980) and has a minimum 
mapping unit of 1 ha. Subsequently, the FIPS-IFS project produced a first-approximation soil 
classification for those areas not previously surveyed by the National Soil Survey (NSS), using a 
methodology based on remote sensing and GIS. A modelling approach was then adopted to produce a 
projected map for Ireland using a modular system based on different soil/peat forming factors, such as 
sub-soils, parent material, vegetation and topography (Fealy et al., 2006 and Loftus et al., 2002). These 
maps were then combined to create a predictive model of soil/peat occurrence, which is represented in 
GIS map form. 
 

 
 

Figure 3 Procedure to derive activity data for Afforestation Areas after 2006 
 

The afforestation activities are sub categorised into mutually exclusive forest types for reasons of 
transparency and comparability. This categorisation was based on NFI plot measurements and 
descriptions. 
 

Stratification and scaling up from NFI plots 
A forest area is assigned to a forest plot based on NFI data detailing the year of planting, species and soil 
survey information obtained in permanent sample plots (PSP). A PSP was classified as a pure species 
stand if more than 80 % of the species in the plot were represented by a single species. If species mixtures 
were less than 79.9 % of a single species then the areas are defined as conifer mixes or conifer broadleaf 
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mixes or broadleaf mixes depending on species breakdown in PSP. Some areas are classified as forest but 
have no current tree cover due to disturbances. The PSP data is also assigned an identification code where 
the forest is confirmed to be planted (afforested) after 1989. 
 
Each PSP with a unique forest cohort and soil subcategory represents a forest area of 400ha (so 1 PSP = 
500m2 x 20 x 400 = 400ha) due to the stratified sample. The PSP data to the scaled up level of 400ha is 
then readjusted with the afforestation GPAS data so that the total area from the NFI and GPAs coincide. 
This is also done to ensure that afforestation (or any ARD activities) is detected and adjusted to meet the 
resolution consistent with the forest definition. Since the NFI only detects forest areas at a 400 ha 
resolution the adjustment is done using the spatial GPAS data. The same adjustment is done for all other 
categories and KP common reporting tables (KP CRF). 
So for example, if the Spruce cohort on mineral soils is estimated to be 48 kha based NFI PSP (i.e. 120 
plots out of 650 (representing a total of 260 kha) plots for the afforestation categories) and the total GPAS 
area is 260.47 kHa, then the area is readjusted as follows: 

New sub-category area (48.09 kha) 47.260)
650

120
(    

These calculations are carried out automatically by the CARBWARE software as outlined in appendix 1. 
The calculation steps were subject to QA/QC checks during the coding of the software. 
 

Harvest Activity Data 
Activity data relating to the removal of timber from NFI permanent sample plots was obtained from 
felling licence information in respect of private sector forests and from the Coillte forest sub-compartment 
forecast inventory for State forests. The total timber volumes harvested from the afforestation areas was 
45,754 m3 in 2007, 85,268 m3 in 2008, 33,503 m3 in 2009 and 72,041 m3 in 2010. No harvesting occurred 
on afforestation land prior to 2007. Harvesting from the Coillte lands represented 91 per cent and 80 per 
cent of the total timber harvest from article 3.3 forests (afforestation areas only) in 2010. 
 

Harvesting of State Forests 
The NFI sample plot co-ordinates and Coillte sub-compartment polygons were intersected to produce a 
layer representing NFI-Coillte plots with harvest management statistics (Figure 4). Harvested volume and 
basal area removed during harvest was assigned to individual NFI plots, representing 400 ha, based on 
Coillte Forecast plans. The total volume removed in a given year was compared against independently 
derived FAO/Eurostat data and Coillte invoice information and adjusted if required. An EventsTable table 
for use in the CARBWARE database was created for input into the stand modification functions within 
the CARBWARE model to simulate the harvesting of trees. A final validation was performed on the 
individual tree tables (see Appendix 1) to ensure adequate timber was removed during a thinning 
simulation. If the plot did not contain the threshold basal area, replacement plots more suitable for 
thinning were randomly selected from the same forest area category (AR areas). It will be possible in the 
future to re-evaluate the activity data ‘ground truthed data’ from repeat NFI inventories of harvested plots. 
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Figure 4 Methodology used to derive harvest information for State Forests 
 
 

Harvesting of Private Forests 
A GIS layer was created by intersection of Town land boundaries and names (OSI) and the Forest08 layer 
compartments (see Figure 5) that contain NFI plots. This layer contains attributes which identifies 
permanent sample plots which may be subjected to harvesting activities as supplied on felling licence 
application forms (Figure 5). Once this layer is updated every year the Forest service carries out the 
following checks:  

i. Forest inspectors open the GIS attribute table to check if the Town land in question (as 
specified on felling licence application) contains a sample compartment. 

ii. If there is a sample compartment in the Town land, then an aerial photo layer is used to locate 
the compartment as indicated in the OS map in the hardcopy of the felling licence application. 

iii. Once the compartment is located, a shaded area within or covering the entire area should be 
identified once the GIS layer is switched on. The shaded area will contain a unique number 
which is used as a reference (name - FID number). 

iv. The inspector can then contact the contractor or owner to obtain information on area, species, 
volume and basal area removed due to harvest. 

 
The scaled up total volume removed in a given year was compared against independently derived 
FAO/Eurostat information and adjusted if required. An ‘EventsTable’ table for in the CARBWARE NFI 
database was created for input into the stand modification functions within the CARBWARE model to 
simulate the harvesting of trees. A final validation was performed on the individual tree tables (Appendix 
1) to ensure adequate timber was removed during a thinning simulation. If plot did not contain the 
threshold basal area, replacement plots, more suitable for thinning, and from the same forest area category 
(AR areas), were randomly selected. It will be possible in the future to re-evaluate the activity data 
‘ground truthed data’ from repeat NFI inventories of harvested plots. 
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Figure 5 Procedure used to derive harvest activity data for private forested areas 
 

 

Deforestation Areas  
The Irish Forestry Act provides a legal obligation for land owners to apply for limited felling licences 
before trees can be felled for non-silvicultural reasons. These licences may only be granted if certain 
criteria are met and the land owner provides information on the area and volume of timber felled and an 
indication of future land use. Although the system does identify the areas of forested land that is 
deforested, the data is not spatially explicit. In addition, this system was only implemented in 2006. Lack 
of a method to record historic use change is a significant gap in the LULUCF inventory. Ireland has 
attempted to improve the methodology to track deforestation, in particular, but this has only been 
implemented since 2006.  
The new tracking system is now reported for deforestation areas prior to 2006. For the time series 1990-
1994 deforestation areas were derived from CORINE data and the soil map. Land deforestation was 
verified using aerial photography when available (1995, 2000 and 2005).  
Assessments of deforestation from 1995 to 2000 were based on a GIS intersection of the 18000 NFI plots 
with the FIP95 forest parcel polygon layer. This exercise produced 105 forest parcels which were 
classified as forest in the FIPS 95 dataset but where classified as non-forest land in the NFI aerial 
photography interpretation. These 105 polygons were cross-checked with 1995 black and white aerial 
photographs to verify that they were forests in 1995. However, most of the sampled forest polygons were 
deemed to not be deforested or were originally other land uses in 1995. This was due to interpretation 
inconsistencies of photographs and mapping errors in the FIPS95 layer. The final deforestation-land use 
change-soils matrices for 1995-2000 and 2000-2006 were obtained by interesting identified deforested 
PSP points with the national soils map database. Figure 6 shows examples of the GIS analysis and photo 
interpretation. 
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Conversion to Wetlands  
Young forest in 2000 

 
 

 
EU peat restoration in 2006 

 

Conversion to Grassland 
Mature forest in 2000 

 
 

 
Grassland in 2006 

 

Conversion to Development 
Young forest in 2000 

 
 

 
Mushroom factory in 2006 
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Figure 6: Examples of NFI PSP (as indicated by the red cross) which were classified forests in 2000 but have since 
been converted to other land uses in 2006. 
 

Forest Fire Areas  
Areas of forest subjected to wild fires were obtained from Forest Service statistics. These areas were 
assumed to be proportionally distributed between the Kyoto Protocol forestry categories 
afforestation/reforestation and forest management. This determines the area for estimating biomass 
burned. 
 
Section II) Individual tree models 
Height-diameter increment or mortality can vary between individual trees in a dataset due to competition, 
structural allocation variations across different silviculture management types (Cameron and Watson, 
1999), or variations in site conditions, such as degrees of exposure (Brüchert and Gardiner, 2006). 
Distance independent growth and mortality models fitted on the scale of the tree – incorporating 
information on tree size, inter-tree competition and site differences – have been successfully used to 
describe variations in height across sites varying in respect of environmental and competitive conditions 
(Monserud and Sterba, 1996; Temesgen and von Gadow, 2004; Uzoh and Oliver, 2006)).  

Model description 
The growth and mortality models used by CARBWARE are dynamic and stochastic models based on 
distance independent, individual tree growth and mortality functions. The model includes interactive 
management scenarios, but for the purpose of this study management interventions are based on observed 
thinnings or clearfell when indicated in the calibration and independent validation datasets. The model 
was originally developed to project and report on carbon stock changes using on the Irish NFI data as 
input variables. However, functionality can be extended to include volume and assortment forecasting as 
a commercial decision support system. 
The growth increment modelling framework is similar to the PrognAus and other single tree models 
described by Monserud and Sterba (1997), Hasenhaur (2006) and Temesgen and von Gadow (2004), 
where increment is a function of size (e.g DBH), competition (e.g. CR, CCF and BAL) and site factors. 
Site effects were accounted for using mixed model methods, whereby plot or site effects are random, 
blocking, effects, rather than effects whose levels have physical dimension. Incomplete enumeration of 
certain independent variables in the PSP meant that site effects were difficult to estimate because of a lack 
of or sparse data. 
The diameter increment (Dinc normalised to an annual increment) model for each cohort was calibrated 
by fitting to data from the Coillte PSP dataset (described below). 
Dinc = Exp(a0 + a1lnDBH + a2DBH2 + a3.lnCR + a4.lnCCF + a5.BAL)…………………….……….(1) 
where DBH is diameter (cm) and 1.3m height, CR is crown ratio derived from measured observation of 
CR sub-models for missing data, CCF is a crown competition factor based on the crown area of all trees 
in a plot expressed as a percentage of plot area. Crown area was derived from sub-models were data was 
not measured. BAL is the sum of the basal area of all individual trees larger than the subject tree (m2 per 
ha). See annex to appendix 1 for all model coefficient details 
Probability of tree mortality was based state variables, similar to those  selected by Monserud and Sterba 
[1999], including diameter at breast height 1.3 m, (D) and transformations thereof, crown ratio (CR), 
basal area of the larger trees (BAL), and crown competition factor (CCF).  

P = 





  Db

D
bDbCRbBALbbIL 543210

1
……………………………………..(2) 

where (0 < P < 1) is the probability the tree is dead. IL(.) is the inverse logit, e.g. IL(x) = 



18 
 

exp(x)/(1+exp(x)). A cut-off for transforming predictions on the logit scale to the binary (dead, alive) 
scale based on the false positive rate (the rate at which the model predicted mortality incorrectly). 
Specifically, we chose the cut-off to keep this as small as reasonably possible. This is dealt with in more 
detail in a submitted a paper (Hawkins et al, in submission) The coefficients and cut off ranges for each 
cohort are presented in Appendix 1 the CARBWARE model). 
 

Sub-models 
Tree height (H) was derived for missing data and for estimating height increment (Hinc) using variations 
of the models described by Temesgen and von Gadow (2004): 

)).exp(1)(( )(
321

21 BALccDBHbBAaBALaaH  ……………………………….…………...(3) 

where BA is the basal area per ha. For some cohorts parameters and coefficient were dropped in the 
model fitting procedure (as described for eq 1, also see Table 2 Appendix A). 
The crown ratio (CR) model takes the form of: 

)exp(1

)exp(

lCR

ICR
CR


 ……………………………………………………………………..………….(4) 

Where ICR was  derived from non-linear equations of the form: 

cbDBH
BAL

H
aHaCCFLnaBALaalCR 



 54321 )(( ……………………………….(5) For 

some cohorts parameters and coefficient were dropped in the model fitting procedure (as described for eq 
1, also see Appendix 1 for description of all model coefficients) 
Open-grown crown width (cw), is used as an intermediary variable (open crown area) for the calculation 
CCF, using solved equations derived by Hasenauer (1997).  
cw = exp(a) x DBHb…………………………………………………………………………….…….(6) 
These equations return open-grown crown width of different species in metres, which were applied in 
approximation to approximation to cohorts (see Appendix 1 and Hawkins et al., in press),  
 

Calibration dataset 

Data used for calibration of the growth models were obtained from Coillte Teoranta's permanent sample 
plot record system. The dataset contains records from many silvicultural and thinning trials established 
during the period 1963 to 2001. The majority of data in the PSP is derived from even-aged, pure species 
stands with the exception of Lodgepole pine Sitka spruce mixed plantations in the west of Ireland. The 
experiments were laid out in plots (sizes varied from 0.01 to 0.21 ha) which were completely enumerated 
so that stocking was known with certainty at the time of each consecutive measurement. The trials were 
initially established as replicated experimental designs with consecutive measurements typically made 
every five years. More detail is given in (Broad and Lynch, 2006; Hawkins et al in submission). 
Data operations were concerned with assembling datasets of the variables used in the growth model. 
Captured data from the experimental PSP plots was subjected to a rigorous quality control check by 
Coillte (the data provider) before entry on to the PSP database to reduce the use of poor quality DBH 
measurements, in particular. However, the data was subjected to a second ‘data cleaning’ quality control 
process. The main data cleaning result was to omit remaining negative diameter increments and 
unrealistic positive increments from the dataset. Such omissions were made after such derived variables 
as BAL, BA and plot density were calculated. That decision was based on the fact that the omission did 
not have a significant impact on the results, which suggested that no further modelling was necessary to 
compensate for the omission. Also, if the trees involved were omitted prior to the calculation of derived 
variables, those variables would have been subject to an even greater bias.  
For some species the size of the dataset was too small to calibrate growth and mortality models. 
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Therefore, species were grouped in to cohorts representing similar growth and morphological 
characteristics (see Table1). The rational for grouping species together based on relative growth rate is 
based on the reported dependence of mortality on growth rate (Bigler and Bugmann [2004).  

Table 1. Details of species sampled in PSP database and the grouping of species or provenances in 
modelling exercise. Note, both Larch species were grouped together. 

Species common name  Binomial name  Provenance (if known)  
Common alder  Alnus glutinosa L.   
Common ash  Fraxinus excelsior L.   

Douglas fir  
Pseudotsuga menziesii (Mirb.) 
Franco  

Washington and coastal 
provenances  

Japanese larch  
Larix kaempferi Fortune ex 
Gord.   

 Larix decidua Mill.   

Lodgepole pine  Pinus contorta Loud.  
South and north coastal 
provenances  

Monterey pine  Pinus radiata D. Don   
Norway spruce  Picea abies Karst.   
Pedunculate oak  Quercus robur L.   
Scots pine  Pinus sylvestris L.  Scottish  
Sitka spruce  Picea sitchensis (Bong.) Carr.  QCI  

 

Validation datasets 

NFI 2005 to 2011 
We validated the calibrated growth models on the NFI data from the 2005/6 and 2011 inventories. In 
2011, 1/5 of the all NFI sample plots have been re-evaluated. Repeated treemetics on plots with mapped 
individual trees, such as DBH, height and crown characteristics, were collected using the FieldMap 
system (IFER, Czech Republic). Detailed methodologies used in the NFI can be obtained via a web site 
link and Forest service publications (NFI, 2007).  
Specific consideration was focused towards identifying sampling errors associated with the methodology 
employed by the Forest service (NFI data providers): 
Accuracy of repeated DBH measurements. An infield validation check was used to ensure the 
corresponding tree was measured in the repeat inventory based on a spatial query of mapped trees. 
Measurement error of diameter and height was not checked infield or validated before entry into the data 
base. This resulted in a significant occurrence of negative increment data (5 to12% of data) was removed 
prior to model validation. In addition, trees with a DBH increment > 15 cm over 5 year cycle and with 
increment values higher that 2 order of magnitude of the plot standard deviation were removed from the 
database. Zero increments from harvested trees were also removed from the database to ensure Wilcoxon 
ranked tests could be interpreted properly (see validation results section). However, no further attempts 
were made to clean data with erroneous measurements in the remaining data.  
 Partial sampling of trees within a plot. Data of trees within three diameter classes (<12, 12-20 and >20 
cm) are recorded if they are observed within a certain distance from the plot centre in three concentric 
plots within the 0.5 ha plot. This represents an additional sampling area and increases the probability of a 
lower representative sample of smaller, compared to larger trees.   
To derive stand variables, an expansion factor concept applied, which is a weight that varies between each 
tree in the dataset that estimates the prior probability of the tree's inclusion in the dataset. The expansion 
factor we use, and that used by the NFI, assumes a random distribution for tree diameter in the plot. 
Because of that assumption, the weight assigned to a tree in the ith diameter class is: 
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2

2
3

iR

R
………………………………………………………………………………………………… (7) 

where Ri denotes the radius of the concentric circle associated with the ith diameter class. 
In practice, the expansion factor, or weight, is used to estimate plot-level features, e.g. basal area. In such 
calculations, we estimate the number of trees of the ith diameter class that were not included in the sample 

by 
2

2
3

iR

R
* ni, where ni is the number of trees of the ith class that are included in the sample. The expansion 

factor therefore defines the relationship between each included tree and the estimated number of trees of 
the same class that were not included (Equation 4). 

^

ij
ijij NEFn   …………………………………………………………………………………… (8) 

where nij _ EFij is the product of the expansion factor for the j th tree in the I th class, and Ňij is the 
corresponding estimate. In the terminology of the NFI, the RHS of Equation 8 is the representative tree 
number. With minor and obvious changes to the equation, we can calculate other tree-level estimates, 
including representative basal area, and individual-tree estimates can be aggregated for the entire plot to 
give plot-level estimates, including representative density. 
 

Statistical evaluation of model performance and uncertainty analysis 

Model calibration 
Increment model (Dinc) and sub model fitting was done using the Glimmix procedure in SAS, and the 
model is a GLM with Gaussian variance function and a log link. This is slightly different from Monserud 
and Sterba (1997), whom log-transformed the response. Our approach adopted a log-transformation of the 
expected value of Dinc, and didn’t model autocorrelation. During the model fitting and selection process 
for the individual species, certain parameters were dropped and the resulting “submodel” fitted. A 
decision on whether to drop a given parameter was based on a judgment regarding the parameter’s 
statistical significance (α = 0.05), the convergence or non-convergence of the model with the parameter 
included, and whether the parameter results were generally consistent with the results of Temesgen and 
von Gadow (2004) and Monserud and Sterba (1997). 
Performance of model calibration was assessed using root mean squared error (RMSE), accuracy (a 
measure of bias), precision and theoretical excess error. 
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where xi is the predicted value, Xi is the observed diameter increment, p is the number of parameters used 
and n is the sample number. 
The average residual of model accuracy (e’) was estimated from observed and predicted residuals, 
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from which the accuracy is derived as the quotient of e’ and the mean observation value (m), the divisor. 
The Wilcoxon signed rank test was used to test for significant differences between the observed and 
predicted values (SPSS v17). The null hypothesis (mean of residuals is equal to zero) was rejected where 
the p-value of Z was > 0.05.  
Precision is the standard derivation of the observed and predicted residual values. The theoretical excess 
error was estimated by cross-validation, where the model is recalibrated repeatedly with the same data set 
with one randomly selected group of tree are excluded from the calibration in repeated iterations: 
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where xi is the observed measurement, yi-1 is the estimated increment with the tree group excluded from 
the calibration and yi is the estimated increment with the tree group included in the calibration.  
 
Validation analysis and excess error 
Accuracy, precision and significance of the difference between observed and predicted increments were 
determined in the same way on the validation datasets. 
The empirical excess error (Eimp) is a measure of the increase of residual variance when the model is 
applied to an external dataset, not used in the calibration (i.e. validation data). 
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where Sec is the precision of the calibration dataset and Sei is the precision of the independent validation 
dataset.  

Stratification of single tree increments 
To estimate the model performance across different species cohorts and DBH groups data from the NFI 
validation set were stratified into a < 12cm and 12 to 20 cm classes to investigate the effect of the partial 
sample in the NFI sampling methodology. Additional DBH classes in 10 cm bins were included to assess 
accuracy and precision across the all DBH ranges. In some cases, assessments were not made when there 
were less than 30 trees in the stratified subset.   
Forest stand attributes were collected from NFI sample plots to classify forest age, rotation stage, 
disturbances and management status. These activity data were used to derive different forest categories to 
measure model performance in pure, intimate mixed stands and semi-natural forest and scrub land forests. 
These was carried out to test the hypothesis if single tree models can, without bias, predict increment in 
uneven aged and mixed species models. Forest stands were considered to be pure if one species represents 
80 % or more of all species in the plot, to account for recorded naturally occurring species during 
plantation establishment.  
Management and disturbance effects on the performance of models were assessed for the major conifer 
species only due to lack of sufficient data. Data were further stratified into juvenile (young forests), 1st 
thinning cycle, subsequent thinning cycles, no thinning (defined as fully stocked, non-thinned  
plots, with a basal area less than 35 m2 ha-1) and plots subjected to wind throw as indicated from 
the NFI.   
 
Section III) Description of the carbon flow sub model 
The carbon flow model characterises the removal of CO2 form the atmosphere, flow of carbon between 
biomass, litter, deadwood and soil C pools and decomposition resulting in emission of CO2 back to the 
atmosphere. The estimates are derived using the CARBWARE v 5 model (see CARBWARE manual 
Appendix 1) the utility of which has been expanded considerably using the results of extensive national 
forest research and the NFI. The total carbon stock changes for a given forest category is calculated as the 
sum of the changes in the above-ground biomass (AB), below-ground biomass (BB), Litter (Li), 
deadwood (DW) and soil (So) carbon pools (Equation 2.3 in Chapter 2 of the 2006 IPCC guidelines): 
 

SoDwLiBBABlu CCCCCC  ………………………………..…….(13) 

 
Biomass estimates include biomass for trees only, non-tree vegetation is assumed to be in steady state 
following canopy closure. Below ground biomass includes all roots up to a diameter of 5cm. Litter is 
defined as deadwood with a diameter of less than 7cm. This includes abscised needles and leaves. The 
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dead wood pool includes all lying and standing deadwood, dead roots and stumps with a diameter greater 
than 7cm.  
 

Biomass Carbon Stock Change 

Biomass carbon stock changes are calculated using a tier 3 gain and loss method, corresponding to the 
process-based approach given by equation 2.4 in Chapter 2 of the 2006 IPCC guidelines, which gives the 
net carbon stock change as the sum of carbon gains and carbon losses  

LG CCC  …………………………………………………………………..(14) 

The biomass carbon gains (�CG) for both above-ground biomass (AB) and below-ground biomass (BB) 
are calculated for each forest category i, listed in table 11.2 using 

  
i

iiG CFGTOTALAC ………………………………………….…….…...(15) 

where Ai is the area of the PSP scaled to 400ha, GTOTALi is the biomass change (t dm/ha.yr) in area Ai 
and CF is the carbon fraction of biomass dry matter, which is taken as 50 per cent for all carbon pools 
(Black et al., 2007). GTOTALi is derived from the sum of all living individual tree components (i.e. AB 
or BB) within the forest category in the NFI data, for example: 

1 nnAB ABABGTOTAL ……………………………………………….…..…….(16) 

where n is the year of inventory. The GTOTALi value for each NFI permanent sample plot normalised to 
1 ha. The AB and BB of all trees were calculated using biomass algorithms for different species cohorts 
based on national research information (Appendix 1), where diameter at breast height (DBH) and tree 
height (H) are used as dependent variables. These variables are input data in the NFI ‘individual tree 
table’ for the first NFI (2005/6 see NFI, 2007). The increases in DBH and H of individual trees between 
NFI years were simulated in the single tree growth models (See Appendix 1). The stocking (number of 
trees in a plot) is adjusted after every growth simulation cycle using the stand modification module, which 
removes trees based on natural mortality models and harvest activity data (Appendix 1). 
 
Biomass carbon losses from the above-ground biomass pool (∆CL(AB)) were calculated based on harvest 
(Ltimber), harvest residue (LHR), litter fall (LLF), above-ground losses due to mortality (Lmort(AB)) and fire 
(Lfire): 

  fireABmortLFHRtimberABL LLLLLC  )( …………………………………. …(17) 

Ltimber is calculated based on the above-ground biomass removed from harvest, simulated in the stand 
modification module (Appendix 1). The allocation algorithms for timber based on AB, H or DBH were 
derived from national research information (see sections above and Appendix 1).  LHR includes the harvest 
residue representing all stems and branches with a DBH less than 7cm and litter left on site after timber is 
removed: 

timberHR LAGL  ……………………………………………………...…….….…(18) 

LLF reflects the transfer of carbon from the AB pool to the litter pool. This is calculated in the allocation 
module of the CARBWARE software (Appendix 1), based on nationally derived leaf/needle biomass 
(LB) and the foliage turnover rates (Ft) (Tobin et al., 2006): 

tLF FLBL  ………………………………………………………...…….…..….(19) 

Allometric equations and coefficients used for the calculation of LB for different species cohorts, with 
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either AB or DBH as dependent variables, are shown in Appendix 1. The Ft rate was assumed to be 5 
years (i.e. Ft = 0.2) for conifer crops and 1 year for broadleaf crops (Tobin et al., 2006). The mortality of 
trees is based on nationally derived single tree mortality models (Appendix 1). The above-ground biomass 
loss from mortality (Lmort(AB)) was calculated using DBH and H as dependent variables in biomass 
algorithms (Appendix 1). The above-ground biomass gains in previously burned forest areas are assumed 
to be zero.  
 
Biomass carbon losses from the below-ground biomass pool (∆CL(BB)) were calculated as the sum of 
losses due to death of roots after harvest (LHRroot), natural mortality of roots (Lmort(BB)) and root death 
following fire (Lfire): 

fireBBmortHRrootBBL LLLC  )()( …………………………………………….……(20) 

LHRroot is the root biomass transferred to the deadwood pool following harvest. All roots are assumed to 
die and decompose following harvest. The mortality of roots is assumed to follow that for trees, as 
estimated from nationally derived single tree mortality models (Appendix 1). The below-ground biomass 
loss from mortality (Lmort(BB)) was calculated using above-ground and total biomass algorithms (Appendix 
1). The BB biomass losses associated with fires (Lfire) was determined in the same way as described above 
for AB losses due to. The below-ground biomass gains in burned forest are assumed to be zero. 
 
Carbon stock changes associated with deforestation include those for the total standing biomass of all 
trees removed at clear fell (i.e. all biomass carbon is assumed to be immediately oxidised): 

  )( ABABL TOTALC   and   )(BBBBL TOTALC  ……  ……………...…………..…..(21) 

The carbon stocks in the AB and BB pools were calculated from the standing volume (V) of the forest 
stand, as specified on the limited felling licence application, a basic density (D) in the range 0.35 to 0.55 
(depending on tree species), a biomass expansion factor (BEF, see section 7) of 1.68 t/t-1, a carbon 
fraction (CF) of 0.5 and a root to shoot ratio R of 0.2, as follows 

)1()()( RCFBEFDVTOTAL AB  ………………………...…………....….(22) 

RCFBEFDVTOTAL BB )( ……………………………...……………..…..(23) 

Deforestation losses also include emissions form litter, deadwood and soil pools. 

Litter Carbon Stock Change 
 Net litter stock change (∆CLi) was calculated based on litter inputs (gains) due to litterfall (LLF), as given 
by equation 19, harvest residue litter input (LHR) in equation 18, mortality litter inputs (Mli), and losses 
associated with decomposition of the litter pool (Ldecomp): 

decompLiHRLFLi LMLLC  )( …………………………………….…………..(24) 

where  
MLi

 is the input to the litter pool from natural mortality (i.e. all aboveground dead material with a diameter 
less than 7 cm). This is derived from the Lmort(AB) minus the timber fraction of the new dead pool (L 
(mort(tim)): 

)()( timmortABmortLi LLM  …………………………………………..……………….(25) 

The decomposition losses of the new input litter (Ldecomp) and existing litter pool (Lold) are calculated 
using decomposition factors of 0.14 taken from national research (Saiz et al. 2007; Black et al. 2009b): 

decompL  LtD

oldLiHRLF LMLL
 ],,,[1 …………………………..……………… . (26) 
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where, Lini is the initial litter pool estimated following the completion of the first NFI in 2005 using the 
methodology described for litter inputs in Appendix 1. Initial litter pool lookup ‘stand attribute’ tables 
were constructed from static yield tables representing different forest categories (See Appendix 1 Lookup 
tables). The remaining litter from the newly input litter, harvest residue and mortality pools from the 
previous years (n-1, n-2 etc) were accumulated following decomposition.The accumulated litter pool was 
assumed to be immediately oxidised when deforestation): 

 Deforested 1 oldLi LC …………………………... …………………….…….(28) 

The accumulated litter pool for these deforestation events is derived from the initial litter pool look up 
tables as described above.  
 

Deadwood Carbon Stock Change 
Net deadwood stock changes (∆CDW) were derived from carbon inputs associated with timber extraction 
residue (Ltr), timber from mortality (Mtimber), dead roots from mortality (Lmort(BB)), roots from harvest 
(LHRroot) and carbon loss due to decomposition of the new and previously existing deadwood pool (DDW): 

 DWHRrootBBmorttimbertrDW DLLMLC  )( )( ………………………………......(29) 

A small amount (approximately 4 percent) of harvested timber is assumed to be left on site following 
harvest and this is used to estimate Ltr: 

RFLL timbertr  …………………………………………………………………...(30) 

The deadwood input from natural mortality (Mtimber) is derived from allometric equations applied to the 
DBH and H of dead trees after mortality iterations (see Appendix 1), while Lmort(BB) and LHRroot are known 
from the analysis for the litter pool in the previous section above. The decomposition losses from the new 
input deadwood carbon pool (eq. 29), existing decaying logs (DLold) and decaying stumps (DSold) are 
calculated using equation 11.19 based on decomposition factors of 0.095 for stumps and 0.076 for roots 
(Tobin et al., 2007): 
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The volume and decay class of logs and stumps, measured in permanent sample plots during the NFI in 
2005 and 2006, are used to calculate the carbon stocks in the decaying deadwood pools DLold and DSold, 
respectively. In the case of decaying logs 
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where VL is the log volume of the specific decay class (i, n=4), DDC is the density of the specific decay 
class (i) and CF is the carbon fraction (0.5). The density and decay classes described by Tobin et al (2007) 
were used to calculate the deadwood carbon pools in the NFI permanent sample plots (NFI, 2007b). Ltr 
and Mtimber (n-1, n-2,..x) is the accumulated deadwood from the stand modifier functions (Appendix 1) 
within the CARBWARE model for previous years (n). Similarly, decay class and volume functions were 
used to derive the carbon pool of decaying stumps in NFI sample plots (Tobin et al 2007, NFI, 2007b): 
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where VS is the stump volume of the specific decay class (j, n=4), DDC is the density of the specific 
decay class (i) and CF is the carbon fraction (0.5). The density and decay classes described by Tobin et al 
(2007) were used to calculate the deadwood carbon pools in the NFI permanent sample plots (NFI, 
2007b). Lmort(BB) and LHRroot (n-1, n-2,..x) is the accumulated deadwood from the stand modifier functions 
(Appendix 1) within the CARBWARE model for previous years (n). The carbon stock of the deadwood 
pool in NFI plots were attributed to each permanent sample plot using a deadwood look up function in the 
stand attribute table of CARBWARE (Appendix 1). The decomposition emissions of the old and new 
deadwood carbon pools was then calculated using decay constant described by Tobin et al. (2007).  
 
The accumulated deadwood and litter pools (DSold and DLold) were assumed to be immediately oxidised 
when deforestation occurs  so that 

Deforested 1)(  oldoldDW DSDLC ……………... ………………………....….(34) 

The accumulated deadwood pool for these deforestation events is derived from the mean deadwood 
carbon pool of the forest category and age class, based on analysis of the NFI permanent sample plots. 
 

Soil Carbon Stock Change 
Organic soils  
Soils were classified into three major groups; mineral, peat and peaty/mineral soils based on NFI 
information. Peat soils are organic soils with a depth greater than 30 cm and peaty/mineral soils are a 
continuum between the peat and mineral categories. The emission for peat soils given by equation 11.23 
is now based on new published data (Byrne and Farrell, 2005), but information on soil classification and 
peat depth available from the NFI is also taken into account. 

  
i
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The area (Ai) of the 0.05 ha plots with peat soils is multiplied by 20 to scale the measurement up to 1 ha. 
The EFsoil is 0.58 t C/ha-1.yr-1 for the first 50 years following afforestation and is zero there after (see Ch 7 
section 7.3.3). Emissions from peaty/mineral soils are calculated in the same way (equation 11.24), but a 
soils depth function (SD) is applied to the emission factor to account for the smaller organic carbon pool 
available. If soil depth is less than 30 cm then,  
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and 

………………………………………………………….…….(37) 
 
 

Mineral Soils 
Research from the CARBiFOR I project suggests that mineral soils in Ireland do not represent a source of 
carbon emissions (Black et al., 2009b), and therefore soil carbon stock changes are reported only for peats 
and peaty/mineral soils. Additional analysis of the paired plot soils database (CARBiFOR II and 
FORESTSOILC projects, see Wellock et al 2011 for a detailed description) was undertaken using 
hierarchical analysis of variance. 
The paired plot approach is based on a stratified NFI sample of the country by soil type and land use. This 
element of the work concentrated on a paired plot approach to assess soil C stock changes due to 
afforestation and deforestation activities. The sampling strategy was designed to augment NFI plot 
measurements, but included an additional, paired plot, samples from adjacent non-forest land uses. The 
overall concept applies the assumption that changes in soil C stocks, due to transition from one land use 
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to another, is a function of the difference between the forest and non-forest plot soil carbon pools and that 
both soil pools are in steady state. For this reason, all land use samples were assessed to have not 
undergone land use transitions in the past 20 to 50 years.  
 
The following assumptions and conditions were applied: 

 The analysis only applies to mineral soils. Organic soils stock changes are determined using 
emission factors. This includes organo-mineral soils, such as peaty-gley soils (see Duffy et al., 
2011). 

 Carbon stock changes in mineral soils for all sample plots were at steady state when sampled. 
 The age at steady state (i.e. the mean age of the land use or soil type) is equivalent to the 

transition time for soil C stocks to reach steady state. 
 The land use transitions did not include wetlands or croplands because transitions between 

forestry and these land uses (and vice versa) because they were not detected in the stratified 
sample grid and deforestation statistics.  

 Settlement soils were not sampled because of technical difficulties in obtaining sealed soil 
samples. Deforestation and transition to settlements does occur in Ireland but the soils stocks are 
assumed not to change following IPCC GPG. No paired settlement plots were identified in the 
random stratified sample taken. 

 This analysis is primarily concerned with transitions between forestry, scrub, un-managed 
grassland and managed grassland. Scrub in this case refers to land uses dominated by non-tree 
species such as gorse or bramble. These in effect are degraded or disused grasslands, previously 
used for rough grazing. 

 Changes in soil C stocks due to land use change is assumed to occur only if the difference 
between the forest and non-forest pair, within a given soil group is found to be significantly 
different following statistical analysis. 
 

To quantify the relative importance of the different factors on Ireland’s soil C stocks, and to examine the 
contribution of forest and non-forest land uses to uncertainty in the national estimate, we carried out a 
hierarchical analysis of variance and multiple regression analysis using SPSS statistical package. 
 
Table 2 Recorded sample plots taken from mineral soils sites  

Soil Land use Transition 
time (years) 

Number of 
plots 

Number of soil 
profiles 

Gleys Forest 30 10 50 
 Un-managed grassland 30 4 20 
 Managed grassland 30 4 20 
 Scrub grassland 30 2 10 
Brown earths Forest 35 10 50 
 Un-managed grassland 35 6 30 
 Managed grassland 35 4 20 
 Scrub grassland    
Brown podsols Forest 50 10 50 
 Un-managed grassland 50 6 30 
 Managed grassland 50 4 20 
 Scrub grassland 50   
Podsols Forest 39 10 50 
 Un-managed grassland 39 5 25 
 Managed grassland 39 4 20 
 Scrub grassland 39 1 5 
Total   80 400 
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Land uses were first categorized as shown in Table 2, and then we classified land use either as forest or 
grassland (Grassland/Forest pair). The forest grassland pair was categorised because there was a small 
sample for scrub grasslands and we wanted to test if there was any change in soil C stocks, when all forest 
types are compared to all grassland types. 
  

Emissions from Biomass Burning 
The reporting of emissions and removals for Article 3.3 activities requires the inclusion of emissions 
associated with biomass burning, which occurs as controlled burning or through wildfires. Controlled 
burning is not undertaken in Ireland but wildfires do occur and therefore the inventory includes estimates 
of CH4 and N2O emissions due to wildfires. Forest fires are assumed to occur on afforestation lands that 
are not harvested, which accounted for 36 per cent of the total forest area in 2010. The biomass, litter and 
deadwood C stock burned was assumed to be represented by the most common species and productivity 
class (Sitka spruce YC 16). This was derived as the mean in C stock pool weighted using the afforestation 
rate area and the age class. The weighted mean value for a 20 year old afforested stands from 1990 to 
2010 was 49 t biomass/ha (assuming a C fraction of 50 per cent), including the litter and deadwood pool. 
The emissions from the biomass, litter and deadwood pools are calculated using equation 3.2.19 of the 
IPCC good practice guidance for LULUCF. A carbon release factor of 0.4 is used for wildfires (Table 
3A.1.12 of the IPCC good practice guidance for LULUCF), with emission ratios for CH4 and N2O of 
0.012 and 0.007, respectively (Table 3A.1.15 of the IPCC good practice guidance for LULUCF) and a 
C:N ratio of 0.01 is assumed for estimating N2O. 
Burned areas are assumed not to regenerate following fire unless lands are replanted, as indicated in the 
NFI. However, since the second NFI is not yet completed it is assumed that lands are not replanted and 
stock changes in this category area are assumed to not occur. 
 

Lime application 
Emissions from lime application to deforested land converted to grasslands are accounted for by applying 
the following assumptions: 
 

1) Only deforested land converted to grassland is treated with lime as limestone. The area of 
forest land converted to grassland was 3,898 ha, 3,903 ha and 3,942 ha in the years 2008, 
2009 and 2010 respectively. 
 

2) The application rate is equivalent to the national average rate applied to grasslands. This is 
calculated based on data supplied in CRF table 5 (IV). This was 0.158 Mg/ limestone per ha 
in 2008, 0.186 Mg/ha in 2009 and 0.170 Mg/ha in 2010. 

 
3) The tier 1 EF of 120 kg/tonne of lime was applied to calculate emissions. 

 
Uncertainty analysis 
Characterisation of uncertainties associated with individual activity and area information was obtained 
directly or derived from already published studies. If no estimates were available expert judgement was 
applied (Table 3). Some uncertainties cannot be quantified due to a lack of validation data. These include 
uncertainties associated with mortality models. However, mortality factors are selected where a tree has a 
95 per cent probability of being dead. Other assumptions regarding the number of locations and amount of 
timber removed during harvest cannot be evaluated until the repeat NFI is completed in 2012.  
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The IPCC tier 1 approach is applied to estimate uncertainties for the Article 3.3 activities described in this 
chapter using the methods for combining uncertainties given in section 6.3 of the IPCC good practice 
guidance for LULUCF. However, many of the input variables are auto correlated with each other, and 
therefore violate the basic assumption in this approach that inputs are statistically independent. For 
example, biomass and litter pools are derived from DBH increment models and biomass equations. 
However the simple tier 1 method is adopted until the capacity to develop Monte Carlo approaches in 
developed and reported in future submissions.  
 
The percentage input uncertainties in the various methodological parameters used for the analysis of 
carbon stock change in the relevant carbon pools and for the emissions of non-CO2 gases are listed in 
Table 11.11. The combined uncertainties of the products of the respective parameters associated with 
each component pool are calculated using equation 38 (equation 6.4 of the IPCC good practice guidance): 
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where Utotal is the combined uncertainty of the product of the input values U1, U2, U3 and Un given table 4. 
The calculated percentage uncertainties for pools are given in Table 11.6 which also indicates the 
associated input parameters whose uncertainties have been combined. The uncertainties in the reported 
carbon stock changes reported in the CRF tables are calculated in Table 4 as the sum of the uncertainties 
for carbon pools using equation 39 (equation 6.3 of the IPCC good practice guidance): 
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where Utotal is the combined uncertainty, U1, U2 and Un are the uncertainties of pool estimates (Table 4) 
and x1, x2 and xn are the mean values for the respective pools reported in the CRF tables. For example, x1 
in the uncertainty equation in Table 4 for the net CO2 removals for afforestation reported in CRF Table 
(KP-I)A.1.1 is 2.009 Mg C/ha (the mean net carbon stock change for the AB and BB pools), x2 is the 
mean net carbon stock change of 1.274 Mg C/ha for the litter pool, x3 is the carbon stock change of 0.01 
Mg C/ha for deadwood and x4 is the  carbon stock change of 0.504 Mg C/ha for soils. 
 
Table 3 Uncertainty estimates for individual activity and area data sets 
  

Code Parameter Sub-category % uncertaintyb Source 

A Biomass 
algorithms 

AB and BB, SB, 
NB, LT 

12.0 Black et al., 2007 

B Carbon fraction CF all pools 0.87 Black et al., 2007 
C DBH, H 

increment 
models 

AB, BB 11.80  
Validations on NFI data (see 
section 11.3.2.2 and paper in prep 
for publication) 

D Area data GPAS (iForis) 0.60 Derived from Black et al, 2009ac 
D Deforestation 

area 
NFI, CORINE, I 
OSI  

50.01 Sample strata uncertainly analysis 
using new deforestation methods 

E Litter Li 3.1 Tobin et al., 2006 
F Deadwood DW 22.0 Tobin et al., 2007 
G Biomass C stock AG and BB 

deforestation 
30.1 Black, 2008; Black et al., 2009b 

H Litter C stock DLold 30.0 Black, 2008; Black et al., 2009b 



29 
 

I Deadwood C 
stock 

DSold 30.0 Black, 2008; Black et al., 2009b 

J Peat soil 
emission 

EFsoil 90.0 Assume Tier 1 (Table 2.3.2.3.1 
CH AFOLU 2006 IPCC GLs) 

K Fire C stocks Fires 30.1 Black, 2008 
L Areas burned Fires 50 Expert judgement 

 
b Uncertainties (no sign) are expressed as SEE at 95 % confidence interval 
c Comparison of NFI area and GPAS data sources  
 
Table 4 Uncertainty estimates of major C pools 
 

Code Component Reference equations  % uncertainty* 
equation 38 

Individual parameter codes 
from Table 3 

TB Biomass Eq 16 AB and BB   
TBA  Afforestation 16.9 A, B, C, D 
TBD  Deforestation 58.45 B, D, G 
Li Litter Eq 24-27 Li   
LiA  Afforestation 3.28 B, D, E 
LiD  Deforestation 58.4 B, D, H 
DW Deadwood Eq 29   
DWA  Afforestation 22.03 B, D, F 
DWD  Deforestation 58.4 B, D, I 
So Soils Eq 35 to 37 90.0 D, J 
FI Fire   58.36 K, L 

 

Development of GHG projection methodologies 
The methodology used to report GHG projections up to 2020 are provided in detail by Black et al., 
(2012). For article 3.4 forest (i.e. forest afforested before 1990) details of forest structure and harvest 
projections were obtained from Coillte (see Black et al., 2012). Assumptions for HWP inputs, product 
used, decay functions and outputs are described by the WOODCARB project. These were included in the 
2020 projections, as part of the reference level submissions forest management in 2010.  

Projections of article 3.3 forests (those afforested after 1990) were done assuming 5 different 
afforestation scenarios. The carbon stock changes in thinned and un-thinned afforested stands was 
simulated using methods descried by Black et al (2012) based on stand level inputs modified from 
Forestry Commission stand-level models (Edwards and Christy 1981). For stand level projection of 
thinned stands, we assume that thinning occurred at marginal thinning intensity using thinning volumes 
based on static yield tables (see Edwards and Christy 1981).  
An afforestation rate of 8000 ha per year was assumed to represent the BAU scenario going forward to 
2020. The mean current (2006-2009) deforestation trends were applied to projections from 2010 to 2020. 
For projections from 2010 to 2020, the species distribution for post 1990 forest was based on NFI PSP 
planted after 1990. 
  

Potential sequestration under future climate change scenarios 
Ecological site classification models 
Assessment of the potential impact of future climate change on sequestration potential was based on 
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species suitability maps derived from the CLIMADAPT project. These are ecological site classification 
models, which use climate inputs data under the current climate (1960-1990)  medium and medium high 
A1 climate change scenarios for the period 2050 (see Ray et al 2010 and Black et al, 2011). This study 
only considered the potential impact of climate change on Sitka spruce sequestration potential, assuming 
yield class (YC) distributions under the current and 2 future scenarios. ESC YC raster maps were obtained 
from the CLIMADAPT project and converted to vector format. The resulting vector maps for the 3 
climate scenarios were point intersected with the PSP points from the NFI, representing pure Sitka spruce 
plantations. This derived a frequency distribution of Sitka spruce under the 3 scenarios, with information 
on soils type and management for each PSP. The management (i.e. thin vs. no-thin) of stands was 
assumed to be the same as specified in the NFI data. The YC, soil and management matrices were then 
used as input data into a static carbon flow model which simulates the steady state sequestration potential 
after 3 rotations. The carbon flow model is similar to those used in projection analysis described above. 
This analysis was based solely on ESC YC models and therefore does not consider some key aspects of 
impacts of climate change on forest productivity (see Black et al., 2011). These include: 

 Impacts of potential disease or insect infestations due to climate change 
 Impact of elevated CO2 or ozone 
 Impacts of increased mortality due to abiotic or biotic influences 
 Increased N deposition 
 Interactive effects 
 Change in provenance distribution, e.g. a potential increase in the distribution of more southern 

provenances of Sitka spruce 
 

 

Results  
 

Use of NFI and forest data in CARBWARE 
CARBWARE was designed to incorporate NFI and forest statistics for national reporting of article 3.3 
forests to the UNFCCC. Description of the software and use of NFI data is described in detail in 
Appendix 1 (CARBWARE manual).  
 

Growth Model development and performance  
Sub-models 

DBH-H models 

The generalized DBH-H models for different species cohorts typically performed well for each species 
and silvicultural treatment. The most noticeable impact of treatment was observed in plots of Sitka Spruce 
with differing spacing treatments. The magnitude of inter-plot variability as modeled by a random effect 
related to the height asymptote varied between species, possibly as a result of inter-species differences in 
tolerance to variability in environmental growing conditions (see appendix 1B and Hawkins et al., 2012 
for more details on derived parameters and model performance). 

Following validation against external data we demonstrate that these generalized models could be used 
for growth modeling, particularly for deriving tree height from individual tree diameter increment models 
or in standard inventory plots where tree height is not measured. These models can be applied to stand 
across different thinning and spacing treatments, since the variation is well described and no bias occurs 
within any of the observed silvicultural treatments (see Appendix 1B table 5 and figures 3a and 3b).  
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Mortality models 

Mortality models, as described in the material section and equation 2, were developed for different 
species cohorts, with varying degrees of success (see Appendix 1D). Models characterised mortality well 
in common species such as Sitka spruce and lodgepole pine. However, probability mortality models did 
not perform well where data was sparse, particularly for Larch crops.  
A major consideration in developing the models for CARBWARE was the determination of a probability 
cut-off point to which a tree could be assigned to be dead or alive following a model iteration. We 
evaluated goodness of fit by multiple leave-k-out cross-validation runs, and with threshold-based 
classification tools like the relative operating confidence (ROC) and relative operating level (ROL) 
curves, and related measures and hypothesis tests. Up to twenty independent cross-validation runs were 
performed, and 10 percent of the sample plots were left-out as cross-validation data for each run. Other 
performance measures were consulted, including the ROC convex hull. We used threshold-averaging to 
investigate the performance of the classifier in cross-validation and bootstrap scenarios. We derived 
confidence bands for the ROC curve of the chosen classifier following the approach of Macskassy et al. 
(2005). These ROC-type analyses were conducted using the ROCR package in R (Sing et al, 2008). 
The Monserud and Sterba (1999) model was fitted to the NFI data and we used backward elimination to 
drop redundant parameters. In Figures 2 to 7 of Appendix 1D we present the TPR plotted against FPR 
(ROC curve) as a function of cut-off (colour key). We plotted the True positive rate (TPR) and (FPR) on 
the same axis versus the cut-off to choose a cut-off level to use for the mortality probability estimate. 
 
Taken en-masse, the ROC graphs for the cohorts indicate that thresholds of 0.2 or less give the most 
favourable TPR-FPR combination. For example, a TPR-FPR combination of 0.6, 0.2 can be obtained with 
a 0.2 threshold for Fast-growing broadleaves (Spruce) cohort. For other cohorts, the threshold is however 
much lower. However, this is not of great concern as long as the classifier performs well. The best TPR 
rate at the 0.2 threshold is approximately 0.6 (i.e. Spruce). 
The classifier seems to perform best for Spruce and FGB cohorts and worst for Larch. A set of predefined 
cut-off threshold was incorporated into the CARBWARE model see Appendix 1 (CARBWARE manual) 
P-death threshold tables. The user can however change these to modify mortality rates if required (see 
CARBWARE manual Appendix 1). 
 
Growth model performance 
Growth models were parameterised using Coillte PSP data. For details of derived variables, partial 
coefficients and measured of goodness of fit refer to Appendix 1C. Following partial completion of the 
second NFI, particular attention was given to external validation of the growth models. Before 
comparisons could be made as outlined in the methodology section, the NFI data had to be cleaned to 
remove negative DBH diameter increment data due to NFI measurement errors.  
Figure 7 shows examples the frequency distributions of calibration (Coillte) and validation (NFI 2005 and 
2011) data for Spruce, fast growing broad leaves (FCB) and Larch before and after data cleaning and 
quality control checks, and that of the calibration data set. For the NFI data set, the mean increment did 
not change due to data cleaning procedure for all cohorts (see Figure 7 for examples). Data cleaning and 
quality control checks of the NFI data resulted in removal of 5 to 12 % of the data across different species 
cohorts (see Figure 1). Comparison with untreated calibration data was not possible because most quality 
controlled checks were carried out before data was entered onto the Coillte PSP database.  
The frequency distribution and means of Dinc for both the calibration and validation datasets were similar 
for Spruce (Figure 7), other conifers (OC), and slow growing broadleaf (SGB) cohorts (data not shown). 
For the FGB cohort, the calibration data set had a higher mean increment with a larger Dinc range, when 
compared to the NFI validation data (Figure 7). Opposite trends were observed for the Larch cohort 
(Figure 7)..  
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Figure 7: Selected examples of cohort frequency distributions for calibration (grey histograms, Coillte PSP) and 
validation (clear histograms NFI) observed increment (Dinc, normalised 5 year increments) datasets. The solid 
line plots, in the right hand panel, represent the NFI frequency distributions before data cleaning procedures. 
The broken vertical line represents the mean Dinc values. 
 
Validation against NFI data 2005 and 2011 
A comparison of predicted versus observed diameter increment for all species (normalised to a 5 year 
increment) shows an good agreement with a model accuracy of 0.25 cm (positive bias) or a 9 % 
overestimation of the mean observed increment. Wilcoxin signed rank tests of residuals shown no 
significant difference (p = 0.16) between observed (2.78 cm) and simulated (2.94 cm) mean increments. 
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The precision was 2.09 cm. The empirical excess error was 11.8 % which is less than the theoretical 
excess error (31.4 %), suggesting that the variation in the NFI model residuals is smaller than the random 
theoretically expected variation in the calibration dataset. 
 
Data were further stratified to investigate reasons for the large variation in growth increment prediction 
residuals across different species cohorts, DBH size classes, forest types and management regimes. 
Comparisons of model accuracy, bias and precision across different species cohorts and size classes show 
poor performance of the model in some cases (Table 5). Stratified cohort groups all had lower empirical 
excess error (Table 5), when compared to the theoretical excess error (Table 5), except for the SGB 
cohort, suggesting that the variation in the NFI model residuals is smaller than the random theoretically 
expected variation in the calibration dataset. 
For all DBH categories (i.e. all classes in table 5), Spruce, pines, other conifers (OC) and slow growing 
broadleaves (SGB) shows good agreement with the model with no significant difference between 
observed and simulated values (P > 0.05). In contrast, fast growing broadleaves (FGB) and Larch showed 
poor agreement with the model predictions significant differences between observed and predicted values 
(Table 5). Larch and FBG showed a 27 % lower and 128 % higher growth rate than the model prediction, 
respectively. It is interesting to note that the calibration data set for these cohorts was markedly different 
to the validation dataset, in terms of mean increment and increment range (see Figure 7).  
 
Table 5. NFI external validation results showing model performance indicators for different cohorts and size 
class categories. The accuracy values shown are the mean residual in cm, with percentage values in parenthesis, 
for un-stratified DBH classes only. Precision is expressed as the absolute standard deviation of the residuals in 
cm. The empirical excess error for each cohort is shown for all DBH categories. 

Cohort <12 cm 12-20 cm 20-30 cm 30-40 cm >40 cm All classes 
Spruce       
Accuracy  - 0.42 0.09 0.28 0.09 -0.73 0.17 (4.8%) 
Precision 1.94 1.90 1.86 1.91 2.09 2.04 
P-value <0.01 0.37 0.14 0.55 0.03 0.36 
Eimp      9.8 % 
N 204 1234 1092 226 48 2804 
       
Pines       
Accuracy  -0.30 0.13 0.14 -0.59 ND -0.21 (-9.4 %) 
Precision 1.37 1.62 1.61 3.17 ND 2.25 
P-value 0.037 0.23 0.52 <0.01 ND 0.29 
Eimp      0.4 % 
N 56 342 379 44 6 827 
       
Larch       
Accuracy  ND -1.59 0.48 ND ND -0.88 (-27.8 %) 
Precision ND 2.13 1.38 ND ND 2.14 
P-value ND <0.001 0.05 ND ND <0.001 
Eimp      7.9 % 
N 8 54 36 4 0 102 
       
OC       
Accuracy % ND -0.21 -0.53 -1.14 ND -0.51 (-21.4 %) 
Precision ND 1.34 1.69 1.83 ND 1.65 
P-value ND 0.544 0.05 0.02 ND 0.06 
Eimp      14.7 % 
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N 5 77 66 31 19 198 
       
FGB        
Accuracy  <0.001 1.44 3.06 4.19 ND 2.0 (128.1 %) 
Precision 1.49 1.85 1.87 2.47 ND 2.28 
P-value 0.20 <0.001 <0.0001 <0.0001 ND <0.0001 
Eimp      8.7 % 
N 64 194 183 35 19 495 
       
SGB       
Accuracy  ND -0.28 -0.23 -0.67 -1.24 -0.50 (-30.5 %) 
Precision ND 1.27 1.73 1.70 1.91 1.68 
P-value ND 0.37 0.75 0.17 <0.001 0.11 
Eimp      55.1% 
N 5 46 75 31 38 208 

 
Cohorts were further stratified into DBH classes to assess the influence of the partial sample from 
concentric circle plots in the NFI and performance across all DBH ranges. The mean increments for DBH 
classes < 12 cm (i.e. the inner circle plots, with a lower sampling frequency) were significantly under 
estimated, when compared to modelled estimates (Table 5). There was generally good agreement between 
observed and predicted values for the 12-20 cm and 20 to 40 cm classes for the Spruce, Pine, OC and 
SGB cohorts. Growth of tree larger than 40 cm were generally underestimated, but this represents a 
relatively small sample size and perhaps a DBH range beyond that of the calibration dataset (see Figure 
7).  
It should be noted that calibration data set for FGB ranged from 5 to 30 cm (mean 14 cm, data not shown) 
and this corresponded with poor performance of the model for DBH classes greater that 12cm (Table 5). 
Species cohorts were also stratified according to forest types to specifically assess if models (mainly 
calibrated from pure stands) can accurately predict growth under different silvicultural conditions or on 
naturally generating scrublands, such as those dominated by birch, hazel and alder (Table 6). Model for 
the dominant conifer species (Spruce and Pine) accurately predicted growth in pure and mixed stand, 
except to pines in conifer/broadleaf mixed forest, where growth was underestimated (p < 0.05). Although 
models did not perform well in conifer/broadleaf mixed forest, this category also contains semi-natural 
forests with uneven aged tress. Similarly model could not accurately predict growth for trees growing in 
scrublands. This is particularly relevant for the FGB model where growth increment was grossly 
overestimated in scrubland dominated by species represents in this cohort. 
 
Table 6. NFI external validation results showing the accuracy and precision across different forest categories. 
The accuracy values shown are the mean residual in cm. Precision is expressed as the absolute standard 
deviation of the residuals in cm. 

Cohort Pure 
plantation* 

Conifer Mixed 
plantation 

Broadleaf  
Mixed 
Plantation** 

Conifer 
broadleaf 
Plantations***  

Scrub 
 

Spruce      
Accuracy 0.14 0.36 NA 0.09 ND 
Precision 1.94 2.27 NA 2.09 ND 
P-value 0.11 0.08 NA 0.18 ND 
N 2448 154 0 202  
      
Pines      
Accuracy 0.05 -0.13 NA -0.42 NA 



35 
 

Precision 1.50 1.64 NA 2.22 NA 
P-value 0.23 0.21 NA 0.03 NA 
N 621 87 21 98 0 
      
Larch      
Accuracy -1.32 ND ND ND NA 
Precision 1.95 ND ND ND NA 
P-value <0.001 ND ND ND NA 
N 68 25 5 2 0 
      
OC      
Accuracy -0.42 ND ND -0.50 NA 
Precision 1.48 ND ND 2.15 NA 
P-value 0.08 ND ND 0.04 NA 
N 162 4 1 31 0 
      
FGB       
Accuracy 2.08 NA 2.93 1.62 4.06 
Precision 2.18 NA 1.61 2.84 2.22 
P-value <0.0001 NA <0.0001 <0.0001 <0.0001 
N 208 0 193 45 49 
      
SGB      
Accuracy -0.09 NA -0.42 -1.05 -0.68 
Precision 1.61 NA 1.57 2.11 2.01 
P-value 0.84 NA 0.38 0.001 0.02 
N 66 0 39 65 38 

 
The final stratification attempted to see if model could accurately predict tree growth under different 
sivlicultural management or in windblown sites (Table 7). It should be noted that there is a possible 
interaction with DBH size in these management categories This analysis was limited to the dominant 
species cohort Spruce and Pine due to data limitations. Models accurately predicted growth across all 
thinning stages and in non-thinned stands. However, growth on juvenile forests was significantly 
underestimated (Table 7). In contrast windblown plot showed that models a significant overestimated tree 
growth. 
 
Table 7. NFI external validation results showing the accuracy and precision for major conifer species across 
different management/disturbance categories. The accuracy values shown are the mean residual in cm. Precision 
is expressed as the absolute standard deviation of the residuals in cm. 

Cohort* Juvenile 
 

Ist Thin (8-
47cm) 

Subsequent 
Thin 
(8-40 cm) 

No thin** 
(8-60 cm) 

Blown 
(15-43cm) 

All  
(4-60) 

Spruce & Pine       
Accuracy -0.59 -0.04 0.34 0.14 0.29 0.19 
Precision 1.65 1.55 1.32 1.36 1.36 2.214 
P-value <0.01 0.21 0.05 0.12 0.04 0.16 
N 146 470 206 1336 52 2210 
DBH range (cm) 4 to 25  8 to 47 8 to 40 8 to 60 15 to 43  

 



36 
 

Model and NFI Limitations 
Following the above-mentioned independent validation of the CARBWARE models, it is apparent that 
application of the models may have some limitations, particularly when partial NFI plot measurements are 
made. These limitations can be attributed to the following: 

 Lack of sufficient data for model parameterisation for some species cohorts such as Larch, FGB 
and SGB. Future research should be aimed at establishment of better data sets for these species 
cohorts. Given the absence of future research in this area, repeat NFI PSP measurement can be 
used to refine model predictors for the less common species cohorts. 

 The partial measurement of tree variables such as DBH, particularly in the > 12cm DBH class 
(i.e. the inner sub plot measurement in the NFI) results in poor estimation of growth increment for 
individual trees. This is not a model deficiency but is rather related to the NFI methodology. The 
members of the CARBWARE project would strongly advocate measurement of all trees within 
PSP if the NFI methodology were to be improved. This is particularly relevant for Irish forests 
given the shift toward younger age classes in the estate in the future (Black et al., 2012) and the 
high proportion of smaller trees in the article 3.3 forests (post 1990 forests).  

 The partial measurement of tree in NFI PSP further confounds model application due to the 
reduced measurement of other tree variables such as height as crown ratio. As a result this 
increases sub model error. 

 Although these limitations do produce significant error in some forest types, uncertainty analysis 
of the article 3.3 forest suggest that other factors such as estimation of emissions for peat soils 
and estimation of deforestation introduced much larger problems. These have, however, should be 
addressed in  the recent COFORD call 2012  
 

Carbon allocation models development and performance 
Biomass algorithms 
The data from CARBiFOR 1 and 11, together with other data sources were used to derive biomass 
estimates for different tree species using DBH and H as dependent variables. These have been 
incorporated into the CARBWARE software (see appendix 1A, Table 1). The algorithms have been 
developed to produce estimates for total biomass (TB) aboveground (AB), belowground biomass (BG), 
foliar biomass (FB) and stem biomass (SB) for six species cohorts. Based on the assessments of goodness 
of fit, the allometric models do not introduce any bias and provide good estimated of biomass for TB, AB, 
BG and SB. However, the parameterisation of FB biomass models was not sufficiently developed due to 
insufficient data supplied by the CARBiFOR project (project is not yet completed). This in many cases 
can lead to the over estimation of FB (as evident by the low r2 and slopes of > 1 in table 1 of appendix 
1A), which in turn has impacts on the litter allocation models (see Litter models discussed below). 
Litter and deadwood allocation models,  
The deadwood allocation models are based on previous published work carried out in the previous 
CARBiFOR project (Tobin et al 2007). Decomposition factors for deadwood have also been updated 
using results from the CARBIFOR II project (Olajuyigbe et al 2011). 
Litter models are based on the transfer of needles and leaves to the litter layer using estimates of leaf 
turnover (see eq 24 to 27 in methodology section). Litter loss estimates from the aboveground C pool (see 
eq 24) for conifer crops have been developed based on national research for high yielding Sitka spruce 
(see Tobin et al., 2006). This represents ca. a 6 per cent loss (to litter input) of individual tree 
aboveground biomass per year for all evergreen conifer crops. This does not include biomass losses from 
natural mortality. Decomposition losses are also derived from research on Sitka spruce crops only (Siaz et 
al., 2007, Black et al., 2009b). These estimated litter gains and losses have not been validated for other 
conifer crops or lower productivity sites. For deciduous conifer crops (i.e. Larch) and broadleaves 
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currently estimated losses can account for a 20 to 60 per cent loss of tree aboveground biomass since all 
leaves are transferred to the litter pool each year. As a result the estimated net biomass CSC for some 
broadleaf crops is a net loss due to this large litter loss (see CRF 5(KP-I)A.1.1, Duffy et al 2011). Based 
on these results it may be considered that the biomass losses are overestimated and litter inputs are also be 
overestimated.  
Soils 
Emission factors for peat soils (see eq 36 and 37) are derived from previous research conducted by Byrne 
(Byrne and Farrell, 2005). However these are conservatively overestimated, which effectively results in a 
lower accounting of credits against national emissions under article 3.3 of the Kyoto protocol. These 
emissions also represent the higher degree of uncertainty (90%) in national forest pool estimations. The 
current CORORD call D1.4 has been launched to address these issues. 
 
Changes in mineral soil C pools over time (∆Cso) are not reported because of uncertainty of the magnitude 
and significance of the sink. These findings are based on two research approaches. 
a) A chronosequence approach: 
National research information does suggest that mineral soils are a sink for a minimum of 50 years 
following afforestation (Black et al., 2009b). These authors show that SOC is higher when a 9 year old 
stand was compared to year 0 (i.e. an unforested grassland in the chronosequence).Other information from 
30 different sites suggest that there is no significant change (P>0.1) in mineral soil C stocks over time 
following afforestation (Black, 2008 see Figure 8). Therefore, we opt not to report stock changes for 
mineral soils because we can demonstrate that the pool is not a source. 
 

 
 

Figure 8 Variation in mineral soil carbon stocks and estimation of ∆Cso using the nationally 
derived data (n = 30). The solid line represents the linear change on C stock over time. The 

dashed and dotted lines represent the 95% confidence and prediction intervals 
 

b) A paired plot approach: 
A National forest research under the CLIMIT program (FORESTSOIL C and CARBiFORII projects) 
designed a soil carbon monitoring system for Ireland using country-specific land use and soil carbon 
information. The system is based on a stratified NFI sample of the country by soil type and land use. This 
element of the work concentrated on a paired plot approach to assess soil C stock changes due to 
afforestation and deforestation activities. The sampling strategy was designed to augment NFI plot 
measurements, but included an additional, paired plot, samples from adjacent non-forest land uses. The 
overall concept applies the assumption that changes in soil C stocks, due to transition from one land use 
to another, is a function of the difference between the forest and non-forest plot soil carbon pools and that 
both soil pools are in steady state. For this reason, all land use samples were assessed to have not 
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undergone land use transitions in the past 20 to 50 years (see methodology for assumptions and table 2 for 
description of paired plots).  
 
 
Table.8 Results from the hierarchical analysis of variance on soils C at a depth of 0-30cm  
 

Source SS MS F P 
Between soils 763902 254634 3.49 <0.01 
Land use within soils 29663 2963 1.24 0.34 
Grassland/Forest within soils 20215 4043 0.81 0.48 

 
Based the hierarchical analysis of variance on soils C at a depth of 0-30 cm, it was evident that there was 
a significant difference in soils C stock when soil types were compared. However, there was no difference 
in the soil C stock when the different land use classes were compared (Table 8). 
 To further illustrate this point, Figure 9 shows that the mean soil C stock was significantly different 
within soil types for combined data from forests and grasslands (left panel Figure 9). Although there were 
marginal differences between the mean soil C stocks when forest and grassland plots are compared within 
the soil categories, these were not significantly different (right panel in Figure 9). 

 
 

 
 

Figure 9 Mean soil C reference values for forest and grasslands at steady state across different mineral 
soil types. Histogram bars with different letters are significantly different at P < 0.05 

 
 

Based on these analysis and the chronosequence soil stock changes (Black et al., 2009b; Duffy et al, 
2011) it is evident that there is no significant change in soil C stocks for up to 30 years following 
transitions between grasslands and forest land. Similar results have been reported by Davis et al (2002) 
and Scott et al (2002) for studies conducted in New Zealand, where ca. 2000 plots were sampled. 
 
Based on these findings and related publications (Wellock et al., 2011), Ireland has elected not to account 
for mineral soil C stock changes following afforestation and deforestation from and into grassland uses, 
because we demonstrate that this pool is not a source across different mineral soil types. However, 
research in this area is on-going and new methods will be developed if new trends emerge. This research 



39 
 

topic is currently included in the COFORD call D1.4 in 2012. 
 
Uncertainty Estimates for afforestation and deforestation activities since 1990 
Over all uncertainty analysis was performed on the reported forest categories under article 3.3 (see Duffy 
et al., 2011) Category 5(KP1(A1.1) is no harvested afforested areas since 1990; 5(KP1(A1.2) is harvested 
areas of afforestation lands since 1990, 5(KP1(A2.1) is deforestation areas since 1990 and 5(KP11(5) are 
burned areas. 
 
Table 9 Combined uncertainties of reported forest categories 
 

Category % uncertainty Equation 39 and total emission or reduction variable see method section) 

5(KP-I)A.1.1 19.79        
5.001.027.101.2

5.09001.003.2227.128.301.29.16 2222




 

5(KP-I)A.1.2 77.31        
57.05.199.358.6

57.0905.103.2299.328.358.69.16 2222




 

5(KP-I)A.2 46.68        
13.001.047.055.0

13.09001.002.3047.002.3055.012.30 2222




 

5(KP-II)5* 58.38  
18.7

18.736.58 2




 

   
All areas 
(total 
uncertainty 

20.46        
8.285.198.443029

8.2838.585.1968.468.4431.77302979.19 2222




 

*The mean emission per unit area (7.18 Mg) for fires is derived from the CO2 emissions (26.19 Gg) divided by the proportional 
area of 3.3 forests subjected to fire (376 ha) 
Values used in the formulas above are for the 2009 reporting period shown in table 10 below. 

 
Based on the data shown on table 3 and 4 in the methods section the largest uncertainties are associated 
with emissions form organic soils (90%) estimation of litter pools (43%) and arras burned (40% and 
deforestation areas (50%). The overall uncertainty reduced from 26 per cent for the 2008 inventory data 
19 per cent for the 2009 inventory data and 20 per cent for the 2010 data. The highest uncertainty was 
associated with deforestation and fires activities due to national data limitations. However, these issues 
are being included in the COFORD call D1.4 in 2012.  
 

Reported emission reductions for afforestation and deforestation 
activities under the Kyoto protocol 
The developed CARBWARE models and software was used to report on afforestation and deforestation 
activities under article 3.3 of the Kyoto protocol to the UNFCCC in 2010 and 2011. The same approaches 
will be used to report the remaining of the first commitment period for the periods 2008 to 2012, covering 
submissions up to 2014. However reporting of submissions for 2011 and 2012 are outside the scope of 
this project. 
Detailed documentation of the UNFCCC submissions including common reporting format tables and the 
national inventory report are documented in the EPAs inventory report (Duffy et al, 2011). FERS Ltd on 
behalf of the DAFM compiles and documents all forestry related submissions as outlined in a 
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memorandum of understanding between the EPA and DAFM. Submitted and accounted 
emission/removals for the years 2008, 2009 and 2010 are shown in table 10 below.   
Article 3.3 forest are sub categories in to units of land not harvested since 1990 (A1.1), unit of land 
harvested since 1990 (A1.2 i.e. thinned plots) and units of land deforested since 1990 (A2). It is important 
to note that the amount accounted under non-ETS excludes all emissions occurring in subcategory A1.2. 
For the period 2008 to 2010, afforestation and deforestation activities accounted for a net removal of CO2 
from the atmosphere of -8509.11 Gg CO2 eq. or -8.5 million tonnes of CO2eq, representing an average of 
-2.836 M t CO2 for the three years. 
 The total national emission excluding article 3.3 activities was 198.246 Mt CO2, an average of 66.082 
MtCO2 per year. Inclusion of article 3.3 emission reductions would result in an accountable national of 
63.245 Mt CO2, representing a 4.3 % offset due to afforestation and deforestation. Implication for 
contribution to final target compliance is discussed under the projections results below. 
 
Table 10 The reported and accounted emission reduction for article 3.3 forests for the first three years of the 
commitment period as submitted to the UNFCCC (taken from CRF tables). 

 
 
Peer review of the UNFCCC submissions 
Following submission of article 3.3 estimates to the UNFCCC in 2010 and 2011, the National reports 
were subjected to centralised reviews in the secretariat in Bonn. This resulted in the publication of an 
annual assessment reports (AAR, 2010 and 2011), which concluded that article 3.3 activities are reported 
in line with IPCC good practice guidance and the annexes to decision 15/CMP.1. However, numerous 
recommedations were made for Ireland to imporve reporting under article 3.3, unresolved issues include: 

 Improvement to the methods used to detect and report deforestation and conversions of forestland 
to other land use transitions. Currently Ireland uses the NFI and supplementary methods to report 
emission associated with deforestation. These include the use of remote sensing technologies to 
derive land use transition matrices able to detect land use change at a scale representative of the 
forest definition (i.e. minimum size of 0.1 ha). The current and future NFI cannot be used due to 
poor resolution issues. Intermediate submissions have been made (see methods sections), 
however this remains a reporting issue for Ireland. 

 Refinement of models or methods used to report soil carbon stock changes, particularly in mineral 
soils converted into and from forest lands to grasslands, settlement and other lands. The results 
from the COFORD funded projects under CARBiFOR and FORESTSOILC are not sufficient to 
adequately address this short-comings. These only cover a small sample of grasslands and scrub 
converted to forests. More research is needed to support this reporting activity. 

 Harmonisation of convention and Kyoto reporting of forest lands. Currently, different methods 
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are used to report forest lands under convention compared to Kyoto reporting because these 
represent different time series and there is no adequate repeated NFI data available to complete 
these tasks. Completion of the second NFI within the reporting time frame (end of 2012) is 
essential for compliance.  

 

Projections for article 3.3 forests  
Projection of forest sink estimates were required during the project to support national representatives in 
the international negotiation for post 2012 reduction targets, both at the EU and UN level.  
Sensitivity analysis suggested that short to long term future sinks will be most influenced by (in order on 
importance) a) the afforestation rate, b) silvicultural management (thin vs. no thin), c) species selection, d) 
deforestation rate, e) extent of forest fires, f) proportion of peat soils planted and g) cultivation and 
drainage of soils 
The forest sink, at the current afforestation rate (ca. 8000 ha per year) will increase from 2.9 M t CO2 per 
year in 2010 to 4.3 Mt CO2 by 2020 and peak at 4.4 Mt CO2 by 2030 (Figure 11). If the current 
afforestation rate target is adhered to (10000 ha per year) the forest sink could be 4.6 Mt CO2 by 2020 and 
5.2 Mt CO2 by 2030. Regardless of future afforestation rates it is envisaged that long term forest sinks 
under article 3.3 will decrease after 2035 due to clear-felling operations. If afforestation rates are not 
maintained above the current rate of 8000-10000 ha, article 3.3 forest will become a temporary net 
emission (excluding HWP emission reductions) in the long term. These findings emphasise the 
importance of maximising forests sinks through forest management in the future. 

  
Figure 11: Projection of article 3.3 forests assuming different afforestation scenarios and a constant 
deforestation rate of 250 ha per year. 
 
There is, however, little effect of an altered afforestation rate on the potential forest sink over the short 
term, e.g. up to 2015 (Table 12). This will have a larger impact post 2012. 
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Table 12: The influence of afforestation rate on short, medium and long term sinks of article 3.3 forests under 
different afforestation scenarios assuming a constant deforestation rate of 250 ha.. 

Potential sink (Gg CO2 for the period) 

Afforestartion rate (ha/yr)

Period  0  3500 8000 10000 16000

2008‐2012  Sum  ‐13968  ‐13967 ‐13967 ‐13967 ‐13967

   Mean  ‐2794  ‐2793 ‐2793 ‐2793 ‐2793

2012‐2020  Sum  ‐30547  ‐31034 ‐31915 ‐32421 ‐33614

   Mean  ‐3818  ‐3879 ‐3989 ‐4053 ‐4202

2020‐2030  Sum  ‐40348  ‐43366 ‐49225 ‐52483 ‐60317

   Mean  ‐4483  ‐4818 ‐5469 ‐5831 ‐6702

 
Silvicultural management will also have no influence on the forest sink over the first commitment period 
because emissions from harvest are not accounted for the 1st commitment period. However, these will be 
accounted post 2012 as indicated in table 13. For this scenario a constant afforestation rate of 8000 ha per 
year was assumed using the same species and deforestation rates (250 ha per year). The baseline scenarios 
presented above assume that 50% of conifer crop above a yield class of 14 are thinned. For sensitivity 
analysis of thinning versus no thinning management scenarios, a no thin scenario was estimated assuming 
that conifer crops are not thinned. It should be noted that analysis of harvested wood product (HWP) is 
not included here, although this would be accounted at the national level post 2012. However, separate 
analysis does show that the potential increase in the forest sink over the medium to long term (up to 2030) 
would be slightly less for a non-thin scenario when HWP are included because of a) a lower harvest 
emission from thinnings due to accumulation of C in the HWP pool, b) a higher relative storage of HWP 
C in final felling from thinned, compared to non-thinned stands due to assortment differences. As seen 
from table 13, the no thin scenario would result in a 2 to 4 % increase in the forest sink over the medium 
to long term 
 
Table 13: Sink potential of article 3.3 forests under different thinning scenarios 

Potential sink (Gg CO2 for the 
period) 
Thinning of conifer crops 

Period  50%  0% 

2008‐
2012  Sum  ‐13967  ‐13967 

   Mean  ‐2793  ‐2793 

2012‐
2020  Sum  ‐30260  ‐31376 

   Mean  ‐3782  ‐3922 

2020‐
2030  Sum  ‐48567  ‐50377 

   Mean  ‐5396  ‐5597 

 
Deforestation is the only activity which may influence the forest sink during the first commitment period. 
However, the overall impact would be small even if the upper limit of the estimated rates of deforestation 
(1000 ha per year) are assumed (Table 14). This analysis does not include the influence of loss of 
productivity of the net area due to deforestation because these areas would generally occur in forest lands 
planted before 1990. 
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Table 14: The potential sink activity of article 3.3 forests under different deforestation scenarios. For this 
scenario a constant afforestation rate of 8000 ha per year was assumed.  
 

Potential sink (Gg CO2 for the period) 

Deforestation rate (ha per year) 

Period  0  100 250 400 1000

2008‐2012  Sum  ‐13989  ‐13980 ‐13967 ‐13955 ‐13903

   Mean  ‐2798  ‐2796 ‐2793 ‐2791 ‐2781

2012‐2020  Sum  ‐32002  ‐31967 ‐31915 ‐31864 ‐31656

   Mean  ‐4000  ‐3996 ‐3989 ‐3983 ‐3957

2020‐2030  Sum  ‐49333  ‐49290 ‐49225 ‐49160 ‐48901

   Mean  ‐5481  ‐5477 ‐5469 ‐5462 ‐5433

 
 

Projections for article 3.4 forests  
The CARBWARE project was actively involved in the submission of forest management (i.e. forests 
planted before 1990) emission/removals to the EU and UN as part of the newly adopted forward looking 
baseline accounting module under the post 2012 negotiations adopted in Durban in December 2011. This 
work culminated in the submission and review of a reference level 
http://unfccc.int/documentation/documents/advanced_search/items/3594.php?rec=j&priref=600006499#b
eg) and a paper published in Irish Forestry (Black et al., 2012). 
The historic and projected emission/removal estimates, for the pre-1990 forest show a marked decline in 
removals, particularly since ca. 2000 (Figure 12). The pre-1990 forest changes from a net sink of -1.2 Mt 
CO2 in 1990 to a net emission of 0.8 Mt CO2 by 2020.  

 

 
 

Figure 12: The total carbon stock change excluding harvested wood product storage for all pre 1990 forests 
(Article 3.4) for the years 1990 to 2020. The solid regression line is included to indicate smoothed trends over 
time. 
 
Analysis of the different C pools suggest the net C stock changes are primarily associated age class 
(Figure 13) and management legacy effects manifested by changes in an increased harvest with a 
concomitant decrease in the net biomass increment and a decrease in the deadwood sink.  
The age class legacy effect refers to influences of historical afforestation on forest emission reductions, 
which are now factored out with the newly adopted forward looking baseline reference level approach 
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(see Black et al., 2012). Figure 13 shows the age-distribution histograms over the time series. Based on 
these data, it is evident that there was a ‘right-shift’ in the age class distribution from a positively-skewed 
(young) age class distribution in 1959 to a near normal distribution in 1998. However, there was a 
reversal (left-shift) towards the younger age class by 2006. This trend continues up to 2012, followed by a 
right-shift towards older age classes in the projected 2020 time series. These age class distribution shifts 
are consistent with historic afforestation rates and mean clearfell age of ca. 42 years (i.e. commercial 
rotation of 20 % less than the age at maximum mean annual volume increment of Sitka spruce, yield class 
16 m3 ha-1 yr1,) in place from  the 1990s. 
Using this accounting approach, a projected reference level or forward looking baseline assumes that the 
Coillte forecast represents a BAU scenario. The reference level for the second commitment period (2013 
to 2020) would be -0.008 M t of CO2eq per annum (derived from the mean of the projected C stock 
change from 2013 to 2020 shown in Figure 12). This includes an estimated annual emission of 0.012 M t 
of CO2eq from wild fires, which was obtained from the mean annual emission from fires since 1990. 
Differences between these BAU projections and future C stock change would therefore reflect 
accountable credits or debits arising from additional activities in pre-1990 forests. The inclusion of an 
asymmetric cap at the proposed levels (5 and 10% of 1990 emissions) provides an incentive for enhanced 
sequestration through forest management, but also reduces large emission debit risks. For example, 
accounting using a projected reference level, with an asymmetric cap would allow a national credit in pre-
1990 forest of up to 22.08 Mt CO2 over the period 2013-2020, but at the same time limit potential debits 
to 44.24 Mt CO2.  

The use of a projected reference level has also the potential advantage of providing the same or a similar 
incentive basis for all Parties that choose to account for Forest Management in the future.  
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Figure 13: Pre-1990 forest age class frequency distributions based on summary statistics (grey histograms) and a 
fitted distribution curve (solid line) using a Gaussian function.  
* The 1959 and 1968 data did not categorise age classes older than 50 years. 
 

Provision of CARBWARE manual and software 
The developed reporting system CARBWARE v5 was incorporated in to a stand-alone software module 
in Visual Basic code. The software used NFI data and forest statistics to automatically estimate forest 
emissions and removal for different forest categories (see cd for instillation discs and VB code). A manual 
was also written for future users (see Appendix 1 and pdf in enclosed cd).  
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Climate change analysis 
ESC models for S. spruce 
The effect of future climate on sequestration potential was analysed based on yield class (YC) changes 
occurring under the A1 climate change scenario for 2050 and 2080, compared to current climate trends.  
Figure 14 below shows the change in YC for Sitka spruce based on the difference between YC at 2050 
and YC under the current climate. Negative values represent a decline in yield in 2050, compared to the 
current climate. It is predicted that Spruce yield by 2050 will decline in most regions except for the 
western Atlantic regions and sites of higher elevation.  

 
Figure 14: A map showing potential changes in yield (2050 YC – current YC) by 2050 assuming the A1 climate 
changes scenario and based in ESC models developed in by the Climadapt project. The NFI sample points, 
shown as points were used to derive a sample of YC frequencies for C sequestration analysis. 
 
 
The CLIM-ADAPT ESC Sitka YC maps were sampled with NFI sample point data to derive YC 
frequency distributions for current Sitka spruce sites shown in figure 15 below. The mean YC for the base 
climate is 20, compared to 16 and 15 for the 2050 and 2080 respectively. Although there was a general 
decline in productivity in most sites, there is evidence of an increase in productivity in others as seen from 
the increase frequency of YC 28 in some sites by 2080 (Figure 15).  
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Figure 15: The frequency distribution for YC from NFI samples points for the baseline (1960-2000) and future 
climates (i.e. 2050 and 2080) under the A1 scenario. 
 
The YC distribution was then used to project a C sequestration potential estimate. This was calculated as 
the steady state accumulated C uptake (estimated after two rotations), which was then normalised to a 
potential uptake per ha per year. Since management would have a large influence on potential C 
sequestration 50% of the sites with a YC greater than 16 were thinned and clearfell was assumed to take 
place at 20 % less maximum MMAI (i.e. premature clearfell, which is the current practice). Sequestration 
in the HWP pool was included in this analysis using the following assumptions: 

 Product decay rates of 1 for pulp wood and 0.046 for sawlog assortments. This corresponds to a 
product life time of 1 year for pulp and 21.7 years for sawlog assortments. 

 Historical HWP pools are not included in the analysis. This is assumed to be at steady state at 
initiation of the scenario simulations. 

 HWP storage is based on the production approach since all HWP storage does not include imports 
of HWP. 

For the baseline scenario steady state for the YC categories was estimated to occur at 92 years, compared 
to 106 years for the 2050 and 2080 scenario (Table 15). This is due to the inclusion of YC 8 and 10 
categories in the future climate change scenarios (see Figure 15). 
It is estimated that future climate change could result in a reduction in sequestration potential of Sitka 
spruce crops of 14 % by 2050 and 17 % by 2080. If HWP sequestration is included in the analysis, the 
decrease would be larger, where there would 23 and 26 % reduction by 2050 and 2080, respectively 
(Table 15). The larger reduction in the inclusive HWP estimate may be associated with a different mixture 
of assortment categories associated with YC categories under the future climate scenarios.  
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Table 15: Estimated normalised potential sequestration rates for Sitka spruce forests under climate change 
scenario A1 under current climate (1960-2000) and future climates at 2050 and 2080. 

Climate change period 

Current  2050 2080

Transition to steady state 
(years) 

92  106 106

Normalised sequestration 
potential excl. HWP  
(t CO2 ha

‐1  yr‐1) 
5.54  4.75 4.59

Normalised sequestration 
potential incl. HWP  
(t CO2 ha

‐1  yr‐1) 
9  6.96 6.64

 
 
 
 

Conclusion and recommendations  
 

Growth models 
The design of the CARBWARE system facilitates carbon inventories using the current NFI structure. A 
major advancement was development of single tree growth models, similar to those described by 
Monserud & Sterba, (1997). The requirement for single tree growth models is based on the nature of the 
input data (NFI data) and divergence in forest management in recent years which has resulted in mixed 
species and multiple age forest stands, particularly in Europe. In both cases, the lack of mixed species and 
age yield indices renders existing yield tables (Christie and Edwards, 1981) or dynamic yield models 
(Broad and Lynch, 2006) unsuitable or unreliable when applied to NFI data. These factors together with 
emerging new forest policies, such as continuous cover forestry and biodiversity incentives, provide the 
impetus for developing single tree growth models (see Hasenauer, 2006). Currently, the most commonly 
used models are age- and distance-independent growth models for deriving DBH and height state 
changes. Although models are derived empirically, these use ecological drivers of tree growth such as tree 
size, competition for resources and site factors to derive tree growth. The basic model structure is simple 
allowing interoperability for multiple parameterisations to suit specific forest types. Numerous countries, 
including Ireland (CARBWARE) incorporate these forms of distance independent growth models in the 
UNFCCC reporting system or for timber forecasting (e.g. U.S.-FVS. PROGNAUS in countries such as 
Switzerland, Canada, Austria, USA). However, CARBWARE users should be aware of caveats of using 
the model, particularly in relation to the NFI tree sampling strategy. We have demonstrated that the 
adopted NFI partial sampling approach can lead to significant bias and poor model performance, 
particularly in smaller threes, which are proportionality sampled at a lower frequency than larger DBH 
trees (see Table 5). Thurig et al (2005) reported on similar findings for partial tree sample inventories in 
Switzerland. These authors also suggest the estimated bias is a result of inventory sampling schema rather 
than inherent problems with the growth models. However, based on the results presented here, provision 
of more detailed data sets for repeat measurements of increment for the less common commercial forest 
species are required. On-going NFI cycles could provide a useful source of growth data for model 
redevelopment and refinement, particularly for less common tree species and for semi-natural forests. 
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The provision of new forest data from on-going NFIs will also provide data for reducing uncertainty in 
the predictor from pre-processing models such as DBH –H, crown ratio and mortality models.  
 

Carbon allocation models 
The validation of the C allocation models suggests that these accurately represent C stock changes in all 
pools, but stock changes for litter, deadwood and soils require further refinements.  
Litter pools  
Litter in particular may cause a significant under estimation of the forest sink. These litter model 
discrepancies may be due to: 

 Unresolved model paramertisation of needle biomass algorithms for Sitka spruce as evident from 
the low r2 and high RMSE (see appendix 1A Table 1) 

 Over estimation of needle biomass for less productive conifer and broadleaf crops, as evident 
form the slope of the observed versus estimated leaf biomass relationship (0.79, suggesting an 
overestimation of leaf biomass by 21 per cent, see slow and fast growing broadleaf leaf 
algorithms in  appendix 1A Table 1. These are derived from research in beech crops in northern 
Europe (Bartelink, 1995) 

 Overestimation of leaf turn-over, assumed to be 5 years for conifers. 
 

Based on the estimated net litter carbon stock change implied emission factors of 1.85 t C/ha, for Sitka 
spruce (see CRF 5(KP-I) A.1.1 and NIR, Duffy et al., 2011), this could result in a net accumulation of 37 
t C in the litter pool per ha over a 20 year period. Based on results published by Black et al (2009b), the 
accumulation in yield class 24 Sitka spruce stand is 22 t C/ha after 22 years. So it may be concluded that 
litter inputs are over estimated for Irish forests. However, the current approach may conservatively under-
estimates the net biomass sink, but over estimates litter input, which are then decomposed over time. 
Therefore, the combined net litter and biomass sinks are conservatively under estimated using the current 
approach. As mentioned these models were developed on highly productive stands. Improvements can be 
addressed based on new research made available from the CARBiFOR II project (due in June 2012). 
 
Soil C stocks and emission factors remains poorly characterised despite a large body of national research 
in this topic (Wellock et al., 2011, Black et al., 2009b, Byrne and Farrell, 2005).  
Organic soils 
Previous work on emission factors from peat soils (CARBiFOR II, FORESTSOILC, Strive 20, 35, 58) 
have not been able to distinguish emissions solely due to drainage of peat during afforestation and how 
these emission may change over time. These estimates have been developed using soil respiration 
measurements at different stages of forest development (chronosequences), where it is difficult to 
partition autotrophic and heterotopic C fluxes (Siaz et al., 2007, Byrne and Farrell, 2005). To represent 
emission factors (EFs) associated with drainage of organic soils, the heterotrophic respiratory flux has to 
be further partition into litter and soil fluxes (Duffy et al., 2011, IPCC, 2006). Work conducted by the 
CARBWARE project (Black and Gallagher, 2010) indicated that many afforested organic soils a 
represented by previous drained upland peats (for grazing) or organo-mineral soils. However, there are 
currently no EFs available which are specific to previously drained peats and organo-mineral soils. This 
requires more research. 
Mineral soils 
Based on the analysis presented in this report and the work published by Wellock et al (2011), C stock 
changes in mineral soils are still not well characterised. Therefore, ccurrent national methods used to 
estimate changes in soil organic carbon (SOC) at a large spatial scale are poorly developed due to: a) 
insufficient soil C data and national databases incorporating all available research results; b) poor 
characterisation of the spatial factors influencing soil C stocks, such as climate, soil texture and moisture 
(Needelmann et al., 1999), topology, slope and forest type (Black et al., 2009b, Wellock et al., 2011); and 
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c) limited knowledge of land use prior to afforestation. 
 
Deadwood  
Deadwood C stock changes are largely a function of mortality and harvest residues left on site. The 
CARBWARE model current uses a fixed percentage of harvest timber which is left on site as residues 
together with stumps and roots. More research is required to provide more accurate estimates of harvest 
residue in thinned, clearfelled, burned and deforested sites. 
 

National forest statistics and inventory capacity   
Current status 
The first national forest inventory was completed in 2006. This provides the basis for estimation of forest 
GHG emission/removals using the developed CARBWARE models. A second NFI cycle is due for 
completion by the end of 2012. Based on peer review of the submissions to the UNFCCC and uncertainty 
analysis presented in this report, continuation of the NFI of a 5 year cycle is a crucial requirement for 
compliance in reporting and accounting of national forest sinks. These outputs would be essential for 
refinement and re-development of the described models used in the CARBWARE system. The NFI 
sampling approach and methodologies used are generally consistent with other national inventories such 
as those employed in Switzerland and the USA (Thurig et al., 2005, Hoover et al, 2008). The employment 
of a partial tree sample design in the NFI meant that conventional yield table of stand based models such 
as GrowFor could not be used to derive C stock change estimates. This necessitated the development of 
novel single tree models for incorporation into CARBWARE. Similar approaches have been used for the 
MASSOMO model in Switzerland, for example (Thurig et, al 2005; Hassenhaer 2006). Although, partial 
sampling of trees in PSP is standard practice in European countries, this research and work conducted by 
Thurig et al., (2005) shows that a proportionally lower sampling frequency of small trees leads to a 
significant bias when estimating forest sink capacity. Improved sampling of the smaller diameter tree 
classes in the NFI may be particularly relevant to Irish forestry, given the recent large afforestation 
programme and a shift toward younger age class forests in article 3.4 forests (Black et al., 2012).  
A further complication, and one not addressed in the CARBWARE system is the ‘in growth of trees’ into 
the PSP in successive NFI cycles. This occurs when the sampling approach, such as that used in the NFI, 
measures different DBH classes in a concentric plot design. For, example at tree may not be measured in 
inventory cycle 1 because it falls outside the DBH threshold in a subplot (i.e. one of the concentric 
circles), but it is measured in the subsequent inventory due to increase in diameter exceeding the required 
threshold. Subsequent calculation of a stock change would result in a biased over estimation since the tree 
biomass at time 1 was in effect zero since the tree was not measured. This is partially addressed by using 
the scaling approach, whereby the representative number of trees is scaled according to the DBH 
threshold. However, for stock change estimated at the plot level other approaches such as nearest 
neighbour statistics may need to be employed (McInerney et al (2007),   
Other C pools such as deadwood is well documented in the current NFI, however limited information on 
soil and litter pools is provided. As a result, a modelling approach has been adopted which again 
increased uncertainty of estimation. 
Although the NFI is the first and only sample based national inventory of land use in Ireland, the 
resolution for detecting small scale changes in subsequent inventories is limited due to the coarse 
resolution grid of 2 km, representing a minimum detectable change of 400 ha. Even if the sample grid 
intensity was quadrupled to 0.25 km (130k primary sample grids) the minimum detectable change at a 95 
% confidence would be 50 ha. Considering the median forest parcel size in Ireland in ca. 4ha (Black et al., 
2009a), sampling based assessments of land use change are not suitable for reporting of activates such as 
deforestation or fires. The current methods used track deforestation clearly not suitable. In addition, the 
adopted felling licence approach does not capture illegal deforestation. Provision of spatially resolved 
national scale estimations of land use required either comprehensive digital maps, such as IFORIS or 
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remote sensing derived products (Hoover 2008). CORINE is currently the only available comprehensive 
land cover data set derived from remote products. However, validation against Irish data shows that 
CORINE does not accurately depict land use transitions associated with forestry in Ireland, due to poor 
resolution and land cover misclassification errors Black et al (2009a).  
 
Recommendations and future requirements 
Although the NFI does provide sufficient information for estimation of biomass carbon stock at a national 
level, a landscape-scale approach should be adopted to capture land use change and stock changes in other 
pools such as soils. A hierarchical approach for land inventories would typically adopt a combination of 
remote sensing and intensive PSP measurements to accurately represent changes at the landscape level. 
This is the preferred option used in the Swiss and Northern American Carbon Program (NACP, Hoover 
2008). Remote sensing capacity as part of the national LULUCF inventory remains the most 
underdeveloped aspect in reporting LULUCF activities to the UNFCCC. Numerous projects, supported 
by DAFM and the EPA are underway to address these issues; however there is a lack of cohesion in 
developing a national based remote sensing product to detect land use transition for the required reporting 
period 1990 onwards. The national GHG agency should consider approaches such as those adopted in 
New Zealand or the USA based on the hierarchical landscape approach. There carbon monitoring 
approached result in a greater accuracy spatial coverage, which is augmented by detailed permanent 
sample plot and intensity research plots.  
The current spatial data sets (CORINE) used to characterise land use transitions into and out of forest land 
has been show not to be representative forest areas at the Irish landscape scale (see Black et al., 2009a). 
Use of multiple remote sensing products, including spectral, radar and LiDAR data, should be considered 
if a new national land use monitoring system is to be implemented. In addition, any such system should 
incorporate analysis of transition occurring back to 1990 (the target reference period). 
A clearly defined implementation plan for ensuring continuation of the NFI on a cyclical basis is crucial 
for ensuring future compliance to EU and international reporting requirements. The cost of implementing 
a permanent NFI capacity would be financially justified if one considers the potential penalties incurred 
due to adjustment of submitted emission/reduction estimates to the UNFCCC. The reporting of forest 
sinks using existing CARBWARE models alone may not be sufficient to comply with IPCC reporting 
guidelines without verification with NFI data collected at regular intervals. Failure to comply with the 
IPCC GPG guidance would result in revision and re-adjustment of the claimed emission reductions and a 
loss of revenue under article 7 and 8 of the Kyoto protocol. The methodologies for these re-adjustments 
are based on the use of continental scale data and default reporting methodologies, which tend to be 
conservative and underestimate the national forest sink. For example, the national reporting system 
(CARBWARE) estimates, based on the default methodology (tier 1), could be subject to a downward 
adjustment of 5.9 Mt CO2 for the period (2008 to 2012). This could represent a revenue loss of €102 
million or €20 million per year in the absence of 5 year repeat NFI. From a cost benefit emission 
reduction perspective, it is estimated that a repeat NFI cycle would cost ca. €750,000 (Redmond personal 
communication). Clearly the financial returns would far out-weigh the investment cost of measuring and 
reporting these forest sinks. These benefits exclude the other industry services offered by the NFI, such as 
timber forecasts, enforcement of the Forestry Act and other EU regulation requirements.  
 

National emission/reduction targets and forest sinks 
Current, future status and recommendations 
National emission reductions due to afforestation of ca. 270 kha since 1990 has resulted in a mean 
emission reduction of 2.8 Mt CO2 per year for the first three years of the 1st Kyoto commitment period 
(CP). These trends are expected to continue for the remaining CP, under a business as usual scenario, 
assuming afforestation rates of 8000 ha per year. It is estimated that the total emission reduction for ARD 
activities would be 13.9 M tCO2 for the period 2008 to 2012. Under the burden sharing agreements and 



52 
 

assuming current national emission trends continue, it is estimated national emission would be 19% above 
the 1990 reference level, equating to an target emission excess of ca. 2 Mt CO2 per year without inclusion 
of the ARD sink. Inclusion and accounting of ARD activities means that Ireland could meet its Kyoto 
target without any additional measures such as the purchase of CERs in the ETS.  
Although the modalities for inclusion of ARD activities in post 2012 target setting agreements are unsure, 
it is envisaged that the forest sink would increase to 3.9 and 4.5 MtCO2 per year for the periods 2013-
2020 and 2020 to 2030, respectively. This highlights the importance of maintaining an afforestation rate 
of at least 8000 ha per year into the future. In addition, close monitoring and avoidance of deforestation at 
the national level is important. In the long term, (beyond 2040) the sink associated with ARD activities is 
expected to decrease and even result in a net emission if afforestation rates are not maintained above 
10000 ha per year (Hendrick & Black, 2010). 
Inclusion of forest management (pre 1990 forests) will be mandatory post 2012. This research shows that 
the forest sink in this category is decreasing due to shifts in the forest age class structure and premature 
clearfelling of forest lands (Black et al, 2012). The introduction of a forward looking baseline as a 
reference level for accounting emission/reductions post 2012 would results in a zero gain or loss under 
business as usual management scenarios. This provides forest owners the opportunity of increasing forest 
sink through practical silviculture and wood utilisation policies. However, consideration of financial 
benefits or disincentives needs to be considered in this context.  
 
Mitigation of emissions through afforestation and forest management activities would be sensitive to 
climate change in the future. Current trends suggest that the European forest sink is increasing due to 
factors such as N deposition, improved silvicuture and genetically improved material (Maganai et a, 
2007). In the long term, the extent to which future climate change would influence forest sink capacity in 
Ireland is dependent of species specific responses to climate (Ray et al., 2009, Black et al 2010). This 
study demonstrates that the sequestration potential of Sitka spruce is likely to reduce by 14 to 22% by 
2050 and 2080, respectively. The potential sink, however, is very sensitive to forest management policy, 
such as silviculture, HWP utilisation and species selection and national policy, such as afforestation 
targets. The CLIMADAPT species selection decision support system does provide practical adaptation 
tools for appropriate species proofing for future climates. However, despite a long research history in the 
area of climate change impacts on forest productivity, this remains to be poorly understood (Black et al., 
2010, Ainsworth and Long, 2005). In particular, the extent to which CO2 fertilisation and interactive 
influences of pest and disease outbreaks may influence productivity remains poorly characterised 
(Ainsworth and Long, 2005). Whilst extensive site monitoring research in Ireland, such as eddy 
covariance approached adopted in the CARBiFOR projects, has increased our understanding of processes 
that influence mitigation (Saunders et al., 2012, Black et al., 2007, 2009a), future research in this area 
should focus towards a better understanding of climate change impacts so that effective adaptation 
policies can be formulated.  
. 
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Implications for policy and practice  

National inventory and UNFCCC compliance 
In order to improve the national GHG inventory capacity in meeting reporting requirements the following 
areas are should be considered: 

 Implementation of a permanent a NFI facility to ensure continued repeat inventories in a 
consistent and timely manner. On-going repeated NFI measures of permanent plots would be 
used to: 

a) Improve CARBWARE growth models for less common species 
b) Verification and validation of CARBWARE estimates to meet international reporting 

compliance 
 Small improvements to the methodologies used to measure trees in permanent sample plots. 

These include a larger sampling frequency of smaller diameter trees. The current stratification 
strategy introduces bias in the estimation stock changes in younger age class forests, which are a 
prominent feature of the national forest estate. 

 Introduction of a soil C monitoring platform within the NFI sample design. Soil C is not 
measured in NFI PSPs. Although COFORD funded projects CARBiFOR and FORESTSOILC 
have sampled a small sub-sample of PSP plot, the estimation of soil carbon stock changes 
remains poorly developed. More data is required under a national soil monitoring programme, 
which included all land uses since changes are primarily driven by land use transition. 

 Development of a cohesive hierarchical landscape-scale land use change C monitoring system by 
developing a multi-remote based monitoring system, which can be harmonised across all land use 
categories. This can be augmented by NFI and intensive research plots at a smaller spatial 
resolution. Consideration of model systems applied in the US and New Zealand provide a good 
example of an effective landscape-scale approach. Although numerous site intensive research 
projects have been implemented by the EPA and DAFM, these should be designed to feed 
directly into the national GHG inventory. 

 Development of a remote sensing platform to monitory land use transitions across all LULUCF 
categories and across time scales dating back to the reporting reference year (1990). Current NFI 
and CORINE based methodologies do not provide an accurate estimation of landscape changes at 
the national level, particularly for activities such as deforestation. 

 Increased harmonisation of convention and Kyoto reporting of forest lands. Currently different 
methodologies are used to report forest areas under the convention. Harmonisation of methods 
used should be implemented once more NFI information becomes available.  

 

Forest policy 
Forest policy objectives should consider all aspects of climate change including mitigation, adaptation 
and impacts. Mitigation policies are currently focused on afforestation strategies and targets. The 
following guidelines should be considered: 

 Continued support of the afforestation programme above the current levels. We suggest that 
afforestation rates above 8000 to 10000 ha are required to ensure a sustained forest sink in the 
medium to long term. 

 Implementation of policy to incentivise forest owners to sustain or maximise sequestration 
potential. There are currently no incentives or disincentives for mitigation measures at the 
ownership level. In other countries internalised C trading schemes have been introduced to 
incentivise mitigation measured, e.g. New Zealand. 

 Although the Forestry Act does provide measures to limit deforestation, compliance is difficult 
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given current monitoring deficiencies as outlined. 
 Policies should be considered to provide regulation on silvicultural decisions made at the regional 

and national scale. For example it is shown that shift in age class distribution and premature 
clearfell can reduce the forest sink capacity. Tighter regulation regarding issuance felling licences 
may reduce potential reductions in the forest sink capacity associated with management. In 
addition, there should be a closer alignment in national mitigation policy which may result in 
leakage due to the introduction of strategies than compete with forestry. For example, renewable 
energy using wind farms results in deforestation and premature clearfell. 

 Numerous incentives have been implemented to ensure enhanced sequestration through the use of 
harvested wood products, such as fossil fuel replacement using forest biomass. Harvest wood 
product utilisation should also include increased allocation to longer term end products. At the 
same time, leakage due to increased harvest of non-timber residues for biomass, for example, 
should be considered to ensure reduction targets are not increase in one sector whilst reducing 
sink potential in another. 

 National climate change research has tended to concentrate of mitigation and adaptation, to a 
smaller extent. However, a good understanding of the impacts of climate change of forest 
productivity and sink potential is required to develop informed mitigation and adaptation 
strategies. Investment if basic research capable assessing impacts at both the site and regional 
level is required. This required long term research strategies.  

 

Forest management 
As mentioned previously, there are currently no financial incentives or policy disincentives for forest 
managers to maximise sequestration potential. The mitigation actions need to be considered against 
economic, social and ecosystem service implications. The research however, does provide some practical 
guidelines: 

 Silviculture is shown to influence potential sequestration to a large extent. Key considerations 
include: 

a) Thin versus no thin policies by considering both timber and non-timber revenues. This 
would include different potential HWP allocation and sequestration.  

b) Premature clearfell or shortened rotation has been shown to reduce mitigation potential. 
However, these decisions have to be made by also considering other factors, such as 
wind throw risk and financial return. Consideration of timber assortments and 
implications of HWP is also important.  

c) Introduction of continuous cover system or patch clearfell approaches to minimise 
disturbance losses. 

d) Selection of species by consideration of future climate using the CLIMADPT DSS to 
minimise future reductions in sequestration and productivity potential. This could 
include species replacement is feasible. 

e) Modern forestry now produces a multiple resource end product. There is a renewed 
interest in forest biomass products for the energy market. However, introduction of new 
management options such as whole stump harvesting and brash bundling could have a 
negative impact on potential sequestration. 

f) Biodiversity incentives, such as introduction of lower productive broadleaf species 
results in a smaller net sequestration a short to medium timeframe. Maximisation of 
grant and premium returns in the short term should be considered against a lower long 
term timber yield and sequestration potential. 

g) Site cultivation and disturbance should be minimised to reduce emission losses from soil. 
 Afforestation of organic soils results in an initial net emission of CO2 due to drainage. Although 

the net C balance could revert to sink in a relatively short timeframe, the total sequestration 
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potential is lower than what would be expected for mineral soil sites. 
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Hendrick, E., and Black K. (2009) Climate change and Irish forestry. COFORD Connects, Environment 
No 9, COFORD Dublin.  
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climate change, EPA, Dublin  
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Conference presentations 
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Black K (2009) Expected Climate Change and Options for European Silviculture. ECHOES COST 
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Black K., Tobin B, Neville, P. Osborne B. (2007) Variations in annual carbon dioxide exchange over a 
Sitka spruce stand prior to and following canopy closure. Proceeding to the Conference on 
Greenhouse gas fluxes in terrestrial ecosystems in Ireland, EPA conference on greenhouse has 
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Carbon Stock Changes. Proceeding to the Conference on Greenhouse gas fluxes in terrestrial 
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ecosystems in Ireland, EPA conference on greenhouse has research 20th September 2007, 
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Sitka Spruce Growth Model Covariates, XXIV th International Biometrics  
Conference, 13-18 July, Dublin 

Hawkins M, Black K, Gallagher G., Connelly J. (2007). Modelling Changes in  
Irish Forest Carbon Stocks Proceedings of the 2nd International Workshop on Uncertainty in 
Greenhouse Gas Inventories (IIASA), Laxenburg, Austria. 



59 
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Dissemination through the media 
Tene, A., Tobin, B., Ray, D., Black, K. and Nieuwenhuis, M., 2009. Adaptability of Forest Species to 
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EcoEye, RTE1: Interview with Duncan Stewart on Carbon sequestration in Irish forests January 2012 
 
Internet presence 
http://www.coford.ie/toolsservices/climatechangeandforests/  
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 1. Introduction 

CARBWARE is a forest carbon flow model, now made assessable as a standalone computer program. 
CARBWARE can be used to report GHG emission reductions or project these forward by simulating 
changes in forest carbon pools over a 15 year time span and over a "landscape" spatial scope (form 1 plot 
to 1000s of forest stands). The CARBWARE model simulates the flow of carbon within forests and 
between forests and the atmosphere (Figure 1). Carbon dynamics are simulated in aboveground, 
belowground biomass, litter, dead wood and soils pools. The removal of CO2 from the atmosphere as a 
function of forest growth is simulated using models parameterised for different species cohorts, which 
exhibit similar growth characteristics (Spruce, Pines, Larch, other conifers, slow growing and fast 
growing hardwoods). It also includes mortality functions, decomposition factors for the deadwood and 
litter pools and soil emission factors, not normally captured by conventional inventory procedures. It also 
accounts for silvicultural management, such as those associated with thinning and clearfell. Although the 
current national GHG inventory assumes that all wood products (HWP) are immediately emitted to the 
atmosphere at harvest, the potential C storage in harvested wood products have not been included in the 
model. This is because HWP C modelling is best done at the national or regional scale (using industry 
data), but stand dynamics in the CARBWARE model is simulated in a bottom up basis (plot level up), 
using sample plot and conventional forest inventory information. Harvested wood products are simulated 
using another top-down model WOODCARB. 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 1. Flow diagram of proposed CARBWARE model including all components (for UNFCCC and 
Kyoto reporting, wood products are assumed to be a source at harvest). 
 
The Irish carbon reporting system (CARBWARE), initially described by Gallagher et al. 2004, was 
implemented to meet reporting requirements to the UNFCCC on national forest sources and sinks. Since 
then, CARBWARE has evolved from a tier1 2 to tier 3 system, using forest inventory data, yield models 
and national research information (see Black and Farrell 2006, Gallagher et al 2004, Black et al., 2012, 

                                                 
1 Tiers refer to methodological rankings used as set out by the IPCC good practice guidance. Tier 1 refers to default 

methods, higher tiers use country specific and more complex modelling approaches 
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Duffy et al., 2011) to include activities relating to Articles 3.3 and 3.4 of the Kyoto protocol. Although the 
software was designed to meet Irish national forest reporting requirements under contract to the Irish 
Council for Forest Research and Development (COFORD), it can be used globally if input data are 
formatted in a compatible manner. However, it should be noted that the empirical tree growth and 
mortality models have been developed using Irish permanent sample plot data (see Appendices). Users, 
outside the Ireland and the UK, wishing to extend the use of CARBWARE should consider developing 
eco-regional specific growth and mortality models and regional, species specific site factors, such as 
decomposition rates. 
 
Tree growth and mortality is based on distance independent single tree growth models which use basic 
individual tree data such as DBH, Height and crown ratio and stand information such as stocking basal 
area and soil characteristics (Duffy et al., 2001; Hawkins et al., in press). The input data and archiving 
systems requirements are outlined in section 4. The functionality of the various components of the 
software (Growth simulator, stand modifier, CO2 allocation and reporter are outlined in section 3). All 
intermediate and final output files from a set of projections (i.e. a project) are stored on Microsoft Access 
files (see system requirements section 2), which controlled by the user. The Output data is collated in a 
format compatible with the Common Reported Format (CRF) tables used in UNFCCC and Kyoto 
reporting of the LULUCF sector. 
 

2. Getting Started 

 

2.1  The Intended User 

The software is designed for users interested in assessing stand level or regional carbon stock changes in 
forests for Ireland and the UK. It is assumed that the user has grounding in forest inventory and 
mensuration and a good understanding of database management, particularly using MS access. The 
software is very easy to run, but a good knowledge of your specific inventory procedure and 
measurements taken is required to compile input data base files. The primary target user for the current 
version of CARBWARE is the Irish national forest inventory (NFI) staff or national inventory compilers 
for reporting of forest emissions and removal to the UNFCCC. 
 

2.2  Hardware requirements 

The software is designed to operate on all current Microsoft Windows operating system versions (XP, 
Vista and Windows 7) which have Microsoft Access installed. The minimum hard disk space 
requirements will depend on the size of the forest inventory databases used.  For example, if the current 
NFI database is run for 15 years, the required hard disk space is approximately 100 MB. 
 

2.3  Installing Carbware on your PC 

You will receive your version of Carbware on an installation CD. 
 

 Using Windows Explorer double click the Carbware Setup Launcher Icon: 
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 When the installation is complete, click Finish. 
 

 
 
 

 Using Windows Explorer, check that the following three files have been successfully installed in 
the directory C:\Program Files\COFORD\Carbware: 

 
 _Carbware_Param (Microsoft Office Access Database) 
 IncrementDB (Microsoft Office Access Database) 
 Carbware (Application) 
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 A Shortcut Icon will be created automatically on your PC Desktop: 
 

 
 
 

3. Overview of CARBWARE functionality 

3.1 User quick start flow diagram 

The flow diagram below illustrates the sequence of events and instructions the user should follow to 
efficiency utilise the software 
 

 

3.2 Detailed functionality 

The CARBWARE application runs off 3 core databases, which contain input data tables (represented as 
yellow boxes in Figure 2), intermediate output tables (green boxes), and archive and control point tables.  
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The user must first create the input database. The nomenclature of the database must contain the prefix 
Carbw and be in Microsoft access format (e.g. Carbwini2005.mdb see instillation disc). The other 2 
databases, namely IncrementDB.mdb and Carbware_Parameters.mdb, are downloaded when the software 
is installed. The incrementDB stores intermediate output files (green boxes, Figure 2) when the growth, 
modification and allocation modules are run after a project is set up. The parameters database stores 
writing directories during the creation of the input (Carbw) database and assigns mortality probability 
thresholds which can be changed by the user. The instructions for creating compatible input databases for 
the software are described in section 4. 

 
Figure 2: A schematic representation of the different databases (grey boxes) containing input 
tables (yellow boxes), which are used by software modules (black boxes) to derive 
intermediate output tables (green boxes) and the final common reporting format tables (CRF, 
in red). The input tables are generated by the users based on standard inventory information 
(clear boxes). 

 
The CARBWARE software functions (represented as all activities in the red broken line border, see 
Figure 2) have the following features: 

1) Options to select an already created database projects (i.e. Carbw.mdb) and create, delete or save 
projects (i.e. a series of plot data and scenarios used in a projection). 

2) Software modules (shown in black boxes, figure 2), are the application steps which the user 
follows.  

a. Pre-processing module: This module processes the data into a format that can be used 
by the growth and modification models. The input tables are used to populate a new table 
called ‘CARBWARE’, which is written to the created Carbw….database project. This 
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data is derived from the Trees and individual_trees tables, which are created by the user 
(see section 4). Functions performed in this module include: 

i. Extraction of and formatting individual tree and plot data from the sample plot 
inventory data (see input requirements section 4) 

ii. Computation of missing height, crown ratio, crown diameter values, which may 
not have been measured in the inventory plot(s) (see appendix 1B for description 
of functionality). DBH should be measured for every tree above a height of 1.3m. 
Heights should be measured for trees smaller than 1.3m.  

iii. Classification of different species into the 6 cohorts for growth modelling 
iv. Derivation of required parameters used in the growth and mortality modules (see 

appendices for description of models). These include parameters such as basal 
area, stocking, basal area of the larger trees (BAL), probability values for the 
likelihood that a tree may die in the next growth phase and crown competition 
factors. 

v. Calculation of scaling up expansion factors in the case where all trees may not be 
measured in a plot and where systematic stratified tree sampling is performed 
(see Section 4). These values are used to adjust the stand level values, such as 
basal area and BAL. 

vi.  Classification and categorisation of tree status and age for input in to the growth 
and mortality model in the Growth simulator module. 

 
b. Growth simulator: This module performs the growth simulations on an annual cycle up 

to 15 cycles. The growth models are based on distance independent single tree models 
using DBH as the growth output (see appendix 1C). Growth of trees with a DBH of less 
than 5 cm is modelled using a simple Chapman-Richards growth function with height as 
the growth output (Appendix C). The stand modifier: modifies individual tree and stand 
values after each growth iteration. The drivers for modification of individual trees or plot 
variables are derived from input tables (tblEvents, see Figure 2 & section 4), which 
control the number of trees removed due to harvest or mortality. For thinnings, trees are 
randomly removed in until the threshold basal area is reached. The virtual removal of 
individual trees from a list trees in the corresponding plot is controlled by a defined 
harvest basal area in a given year.  
Note: if the same procedure is repeated it may remove different trees if a thinning 
event or mortality is repeated for the same plot.  
 
The mortality of trees during a given growth cycle is derived from a probabilistic model 
(see appendix D). The probability threshold values can be defined by the user in the 
P_death_threshold table located in the installed Carbware_parameters data base.  
However, the user should refer to appendix D to understand the consequence of adjusting 
the default P value setting for each species cohort.  
 
The outputs from the growth and modification modules are stored in the IncrementDB. 
For each project (assume file name is Project), every growth and stand modification cycle 
is assigned a table (e.g. Project_t0 or Project t1). These intermediate tables are used for 
the next iteration if another growth cycle is prompted by the user or an allocation 
procedure is prompted. The IncrementDB also writes tables which summarise any 
modification events, such as thinnings, clearfell or mortality of trees during a 
growth/modification cycle (e.g. Project_Thinning_table). The field names and units of 
values of individual tables are reviewed in sections 7 and 8. 
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3) CO2 allocation and stratification: the allocation module uses the intermediate growth output 
tables (described above Figure 2) to generate carbon stock estimates for the 6 major carbon pools.  

The allocation module performs the following functions: 
i.Converts tree measurements (DBH and H) to biomass components (see Appendix 

A) 
ii.Sums all tree biomass components in the plot and normalises the units to 1 ha. 

This is done using the user specified plot sizes located in the lookup table 
located in the Carbw..mdb database. 

iii.Allocates the transfer of carbon between the different 6 pools to simulate the flow 
between biomass (AG and BG), litter, dead wood, harvested and soil pools. 
The details of the C flow model are shown in appendix E. These outputs are 
written to the Increment DB using the project name as a prefix. 

iv. Some of the initial C pools (at the plot level) have to be input by the user (the 
lookup table located in the Carbw..mdb database). These include initial litter 
and deadwood inputs in addition to the soils emission factors (see Section 4) 

v.The biomass stock changes for aboveground (Project_AG table) and 
belowground biomass (Project _BG) are derived from the DBH and H values 
of individual trees using biomass algorithms (Appendix A). The biomass pools 
are aggregated to the plot level using information in the lookup table located in 
the Carbw..mdb database (created by the user see section 4). Detailed 
calculation steps for the estimation of the biomass pool changes are shown in 
Appendix E, equations 1 to 9. The losses from the biomass pool due to harvest, 
obtained from the Project_thinning and clearfell tables, are calculated using 
biomass algorithms. These values are scaled up to the plot level using the 
scaling factor (in CARWBARE table) and transferred to the Project_HWP 
table. Harvest residue left on site is transferred to the Project_deadwood or 
Project_litter tables. Biomass from mortality is either transferred to the 
deadwood or litter pool (Project_deadwood or Project_litter tables) depending 
on the size (DBH of the trees, see Appendix E). 

vi.The litter pool stock changes are obtained from the initial input values (lookup 
table) and functions in the module described using equations 9-12 in appendix 
E. 

vii.The deadwood pools are calculated using the initial data inputs from the user 
lookup table (see section 4) and functions described in equations 13-15, 
appendix E. 

viii.The soil pools are calculated using plot area, soil classification and emission 
accumulation factors described by the user in the look up table (see section 4 
and appendix E). 

ix.The HWP pool is derived using the biomass of harvested trees allocated from the 
biomass pools. This module does not calculate HWP because the current rules 
for accounting have not been finalised. However, the table does supply the 
HWP inputs for supplementary analysis using different models or software (see 
section 4) 

 
4) Reporter module 

Final output tables are generated in the reported module using the common reporting format as 
outlined by the UNFCCC (see section 10) 
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4. Data input requirements 

Input data must be stored in a MS access database in specific tables under specific field headers. 
The MS access database should be named with the prefix Carbw…. ending with the year of 
inventory. For example Carbwini2005 is the example database from the 2005 inventory provided on 
the instillation disc. The format of headers and data entries should be in the correct format and 
units for the software to operate properly.  
 

4.1 Forest inventory database (i.e Carbw…200X) 

No specific forest inventory design is required for CARBWARE to function. However, the inventory 
should provide mandatory information listed in the table 1 (also see example database (Carbwini. 
2005.mdb) on instillation disc or web folder). Specific details on how the data is obtained are dealt with 
in the preceding text sections. Example databases are provided in the enclosed cd to illustrate data format 
and layout.  
 
It is important that the precise field names (case sensitive), properties of fields and order of fields in the 
specific tables are identical to the examples provided to ensure that the software run properly, Failure 
to comply with these formats will result in error warnings which are logged in a text error files located 
in the destination folder where the software is installed.  
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Table 1: The required information filed names, properties, units required and field order in tables located 
in the Carbwini.2005.mdb database.  
 
Data Description Requirement

2 
Table Units/Format 

IDPlots Plot ID number M Individual 
Trees and 
Trees 

Numeric (e.g. 1 to 
100000) does not 
have to be 
continuous or in 
any order 

X_m X co-ordinate of tree in m 
from local origin point 

O 
 

Trees Numeric, positive 
or negative 

Y_m Y co-ordinate of tree in m 
from local origin point 

O Trees Numeric, positive 
or negative 

IDSmallTrees Small tree ID  M Individual 
Trees 

Numeric, always 1 

ID Tree ID M Individual 
Trees, Trees 

Numeric. In Trees 
table small 
individual trees 
should be listed as 
900X, where X is 
the Small tree ID 
from Individual 
tree table and 
corresponding plot 

ProcessCode Processing notification key O Individual 
Trees, 
Trees 

QC of post data 
capture processing 
functions in Irish 
NFI 

FieldStatus Processing notification key O Individual 
Trees, 
Trees 

QA/QC of post data 
capture processing 
functions in Irish 
NFI 

Edit_date Date captured data was 
edited 

M Individual 
Trees, 
Trees 

QA/QC of post data 
capture processing 
functions in Irish 
NFI 

Edit_user User who performed edit M Individual 
Trees. 
Trees 

QA/QC of post data 
capture processing 
functions in Irish 
NFI 

Z_m Z (azimuth) co-ordinate of 
tree in m from local origin 
point 

O Trees Numeric, positive 
or negative 

     
XMeasurepoint_m Crown measurements O Trees Specific NFI data  

                                                 
2 M = mandatory, O=optional, N is not required at present but fields with names must be 
incorporated in the table even if the cells are empty 
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Data Description Requirement Table Units/Format 
ZMeasurepoint Crown measurements O Trees Specific NFI data  
XCentreCrownProj_m Crown measurements O Trees Specific NFI data 

not currently used 
YCentreCrownProj_m Crown measurements O Trees Specific NFI data 
SmoothedCrownProj Crown measurements O Trees Specific NFI data 

not currently used 
Slant_Azymuth_deg Tree slant O Trees Specific NFI data 

not currently used 
Slant_Angle_deg Tree slant angle O Trees Specific NFI data 

not currently used 
Stem_volume_m3 Calculated stem volume in 

m3 
O Trees Specific NFI data 

not currently used 
CrownProj_Area_m
2 

Projected crown area O Trees Specific NFI data 
not currently used 

Crown_Volume_m3 Crown volume O Trees Specific NFI data 
not currently used 

Crown_Surface_m2 Crown surface area O Trees Specific NFI data 
not currently used 

DBH_mm  Diameter at 1.3m height M Trees Numeric in mm, no 
decimal points 

Height_m Tree Height  
(mandatory for small trees, 
random sample for big trees 
in Trees table were DBH is 
measured) 

M Individual 
Trees, Trees 

Numeric  in m to 
one decimal point 

CrownBase_m Height at base of living 
crown (when available, 
recommended but not 
mandatory) 

O/M Trees Numeric in m to 1 
decimal point 

DeadCrBase_m Height at base of  dead 
crown 

O/M Trees Numeric in m to 1 
decimal point 

Tree_Length_m Length of tree in m, for 
slanted trees (mandatory if 
crown_base_m is reported 

O/M Trees Numeric in m to 1 
decimal point 
Numeric 

Crown_Length_m Length of crown in m (i.e 
Tree length – Crown_base; 
mandatory if Crown_base is 
reported 

O/M Trees Numeric in m to 1 
decimal point 
Numeric  

NewOrMissingTree Missing or new tree ID O Trees Specific NFI data 
not currently used 

DBH1_mm Alternative DBH 
measurement 

O Trees Specific NFI data 
not currently used 

Species Species code M Individual 
Trees, Tree 

Numeric, user 
defined lookup 
codes (see species 
look up and 
cohorts) 

DBH2_mm Alternative DBH 
measurement 

O Trees Specific NFI data 
not currently used 
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Data Description Requirement Table Units/Format 
Age Tree age in years M Individual 

Trees, Trees 
Numeric, no 
decimal point 

BreastHeight_cm Height at which DBH is 
measured in cm 

O Trees NUMERIC NO 
DECIMAL PLACE 

Diameter03h_mm Diameter at 1/3 of stem 
length 

O Trees Specific NFI data 
not currently used 

HDiamter03h_m Height in m at Diamter03h O Trees Specific NFI data 
not currently used 

DeadTree Tree dead or alive M Trees Numeric, pre 
defined; 100 for 
alive, 200 for 
recently dead,  
300 for dead longer 
than one year 

TreeBreak Tree break O Trees User defined 
Numeric lookup 
table describing 
stem break 

StemRot Tree breakage O Trees User defined 
Numeric lookup 
table describing 
stem rot 

ForkTree Tree forking O Trees User defined 
Numeric lookup 
table describing 
forked trees 

SocialStatus Dominance/suppression etc O Trees Specific NFI data 
not currently used 

IUFROheight  O Trees Specific NFI data 
not currently used 

IUFROvitality  O Trees Specific NFI data 
not currently used 

IUFROgrowth  O Trees Specific NFI data 
not currently used 

CrownShape  O Trees Specific NFI data 
not currently used 

StemStraightness  O Trees Specific NFI data 
not currently used 

Pruning  O Trees Specific NFI data 
not currently used 

Branchiness  O Trees Specific NFI data 
not currently used 

Shapping  O Trees Specific NFI data 
not currently used 

StemDamageDegree  O Trees Specific NFI data 
not currently used 

StemDamageAge  O Trees Specific NFI data 
not currently used 

PeelingDegree  O Trees Specific NFI data  
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Data Description Requirement Table Units/Format 
RootDamageDegree  O Trees Specific NFI data 

not currently used 
PeelingAge  O Trees Specific NFI data 

not currently used 
RootDamageAge  O Trees Specific NFI data  
OtherDamage  O Trees Specific NFI data 

not currently used 
HeightSampleTree  O Trees Specific NFI data 

not currently used 
D03hSampleTree  O Trees Specific NFI data 

not currently used 
VitalitySampleTree  O Trees Specific NFI data 

not currently used 
BaseDBH_mm  O Trees Specific NFI data 

not currently used 
CalcHeight_m Calculated tree height from 

independent models 
O Trees Numeric 

Vol_BFC_m3 BFC volume of tree O Trees Specific NFI data 
not currently used 

Adjust_Vol_BFC_m
3 

Adjusted volume O Trees Specific NFI data 
not currently used 

Repre_Vol_BFC_m
3 

Representative volume O Trees Specific NFI data 
not currently used 

TreeNumber Number of trees measured, 
default 1 

M Trees Numeric, no 
decimal places 

BasalArea_m2 Individual tree basal area M Trees Numeric up to 15 
decimal places in 
m2 

AdjustBasalArea NFI adjustment, default = 
BasalArea_m2 

M Trees Numeric up to 15 
decimal places in 
m2 

RepreBasalArea_m2 BasalArea_m2 * 
ExpansionFactor (see below) 

M Trees  

TimberHeight_m Height of timber  O Trees Numeric in m 
RepreTreeNumber Number of trees the 

individual tree 
measurements represent (see 
box 1 stratified sampling) 

M Trees Numeric up to 15 
decimal places (no. 
of trees no units) 

ExpansionFactor Number of trees represented 
by the measured tree (this 
applies to systematic partial 
sampling of inventory plots 
(as above) 

M Trees Numeric up to 15 
decimal places 

RepreArea_ha Representative area for each 
tree based on volume, the 
sum of the representative 
areas is equal to the plot 
size, if trees are present 

O Trees Specific NFI data 
not currently used 
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Data Description Requirement Table Units/Format 
RepreHeight_m Representative height for 

trees used for aggregation in 
NFI 

O Trees Specific NFI data 
not currently used 

DiameterClass5  O Trees Specific NFI data 
not currently used 

DimensionClass5  O Trees Specific NFI data  
DiameterGroup  O Trees Specific NFI data 

not currently used 
AgeClass10_150  O Trees Specific NFI data 

not currently used 
AgeClass20  O Trees Specific NFI data 

not currently used 
SpeciesGroup  O Trees Specific NFI data 

not currently used 
IDSubcircle  O Trees Specific NFI data 

not currently used 
GrowthStage  O Trees Specific NFI data 

not currently used 
ConiferBroadleaf  O Trees Specific NFI data 

not currently used 
NativeNonNative  O Trees Specific NFI data 

not currently used 
AgeClass10_60  O Trees Specific NFI data 

not currently used 
SlendernessRatio  O Trees Specific NFI data 

not currently used 
SlendernessRatioCat
egory 

 O Trees Specific NFI data 
not currently used 

AgeClass5_60  O Trees Specific NFI data 
not currently used 

DBH_cm DBH_mm/10 M Trees Numeric, 1 decimal 
place 

BranchinessJR  O Trees Specific NFI data 
not currently used 

RotationTypeJR  O Trees Specific NFI data 
not currently used 

ThinStatusJR  O Trees Specific NFI data 
not currently used 

GrowthStageJR  O Trees Specific NFI data 
not currently used 

DiameterClass1  O Trees Specific NFI data 
not currently used 

AgeCalss15_25  O Trees Specific NFI data 
not currently used 

AgeClass10_60JR  O Trees Specific NFI data 
not currently used 

AboveBiom_t  O Trees Specific NFI data n 
Adjust_AboveBiom
_t 

 O Trees Specific NFI data  
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Data Description Requirement Table Units/Format 
BelowBiom_t  O Trees Specific NFI data 

not currently used 
Repre_AboveBiom_
t 

 O Trees Specific NFI data 
not currently used 

Adjust_BelowBiom_
t 

 O Trees Specific NFI data 
not currently used 

Repre_BelowBiom_t  O Trees Specific NFI data 
not currently used 

TotalBiom_t  O Trees Specific NFI data 
not currently used 

Adjust_TotalBiom_t  O Trees Specific NFI data  
Repre_TotalBiom_t  O Trees Specific NFI data 

not currently used 
AboveCarbon_t  O Trees Specific NFI data 

not currently used 
Adjust_AboveCarbo
n_t 

 O Trees Specific NFI data 
not currently used 

Repre_AboveCarbon
_t 

 O Trees Specific NFI data 
not currently used 

BelowCarbon_t  O Trees Specific NFI data 
not currently used 

Adjust_BelowCarbo
n_t 

 O Trees Specific NFI data 
not currently used 

Repre_BelowCarbon
_t 

 O Trees Specific NFI data 
not currently used 

TotalCarbon_t  O Trees Specific NFI data 
not currently used 

Adjust_TotalCarbon
_t 

 O Trees Specific NFI data 
not currently used 

Repre_TotalCarbon_
t 

 O Trees Specific NFI data 
not currently used 

Diameter_mm Diameter at 1.3m height 
(mandatory if tree is > 1.3 m 
high) 

M Individual 
Trees 

Numeric in mm, no 
decimal points 

Origin NFI edit code O Individual 
trees 

Specific NFI data 
not currently used 

NFI_ID Plot ID the same as ID plots 
(must be identical 
numbering 

M Afor_Criteri
a 

Numeric 

Kyoto_ID Forest classification. Article 
3.3 or 3.4 forests3 

M Afor_Criteri
a 

Numeric either 3.3 
or 3.4 

PlotID Plot ID cross referenced to 
NFI_ID and IDplots 

M Lookup Numeric 

     

                                                 
3 Article 3.3 forests are those established after 31st December 1989 and article 3.4 forests are 
established before 31st December 1989 
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Data Description Requirement Table Units/Format 
Ownership Ownership of forest M Lookup Numeric look up 

codes, user defined 
Area_ha Area of plot M Lookup Numeric in ha to 2 

decimal points 
County County where plot is located M Lookup Numeric, user 

defied lookup 
codes 

Landusefield Landusetype 
(optional) 

O Lookup Initial dead stump 
C pool (mandatory 
for each plot, can 
be derived form 
measurement or 
independent 
models) 

Forest_category_ID Forest type M Lookup Numeric look up 
code user defined, 
used to aggregate 
forest types  

Litter_C_tn_1 Initial Litter C pool 
(mandatory for each plot, 
can be derived form 
measurement or independent 
models) 

M Lookup Numeric , 
expressed in t C per 
plot area 
e.g. 0.002145 tC 
per 0.05ha 

Stump_Ctn Initial dead stump C pool 
(mandatory for each plot, 
can be derived form 
measurement or independent 
models) 

M Lookup Numeric , 
expressed in t C per 
plot area 
e.g. 0.002145 tC 
per 0.05ha 

Deadlog_Ctn Initial dead logs C pool 
(mandatory for each plot, 
can be derived form 
measurement or independent 
models) 

M Lookup Numeric , 
expressed in t C per 
plot area 
e.g. 0.002145 tC 
per 0.05ha 

CARBWARE_soil Soil categories 
(mandatory) 

M Lookup Numeric look up 
codes, user defined 

Soil_EF_Category Soil emission categories. 
Child layer of Siol category 
(i.e. each CARBWARE soil 
category will have a shared 
or individual 
Soil_EF_category) 

M Lookup Numeric look up 
codes, user defined 
Default 
1= peats 
2= peaty-mineral 
soil 
3=mineral soils 
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Data Description Requirement Table Units/Format 
PeatDepth_cm Peat/organic soil depth M Lookup Numeric 
Drainage Description of site drainage O Lookup Numeric look up 

codes, pre- defined: 
100-excessive 
drainage 
200-well drained 
300-moderate to 
well drained 
400-imperfectly 
drained 
500-poorly 
600-very poorly 
700-undefined 
(limestone 
pavement) 

SoilDepth_cm Mineral soil depth in cm O Lookup Numeric 
EPA_SoilGroup EPA soil or other 

classification codes 
O Lookup Numeric look up 

codes, user defined 
EF_soil Emission factor for soils M Lookup Numeric, negative 

value represents an 
uptake of C, 
positive values 
represent an 
emission (e.g. peat 
soils) Values in t C 
ha-1 

Equil_Time Time taken (yeas) for soil to 
reach equilibrium  

O Lookup Numeric 

     
Net_Soil_DCtn_1 Soil emission factor at the 

plot level 
M Lookup EF_soil at plot area 

e.g. 0.034 tC for 
0.05 ha (positive 
values represent 
emissions, negative 
values are 
removals) 

MineralNO2_EF Mineral soil N2O emission 
following drainage 

O Lookup Numeric, in tCO2 
eq expressed on the 
size of the plot 

Organic_poor_NO2_
EF 

Poor (nutrient poor) organic  
soil N2O emission following 
drainage (e.g. peats) 

O Lookup Numeric in tCO2 
eq expressed on the 
size of the plot 

Organic_rich_NO2_
EF 

Nutrient rich organic soil 
N2O emission following 
drainage 

 Lookup Numeric in tCO2 
eq expressed on the 
size of the plot 

NO2T Total soil N2O emission 
following drainage 

O Lookup Numeric in tCO2 
eq expressed on the 
size of the plot 
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Data Description Requirement Table Units/Format 
Year Year thinning or clearfell is 

planned 
M tblEvent Numeric e.g. 2007 

PlotID ID of plot, must be the same 
as those used in trees, 
individual trees, afor_criteria 
and lookup tables 

M tblEvent Numeric 

Event Thinning or cleafell M tblEvent Numeric code: 
100= clearfell, 200 
= thinning 

Reduction Amount of basal area per ha 
removed 

M tblEvent Numeric, 1 decimal 
point. 
Note plot will not 
be thinned or clear 
felled if basal areas 
exceeds standing 
basal area at time 
of harvest 

 
 
4.1.1  Required Inventory Database Structure & File Naming Conventions 
 
Carbware functionality is strongly dependent on good inventory data. The sampling strategy used will 
depend on national or regional circumstances so CARBWARE has been designed to facilitate such 
differences as long as the input field are presented in a consistent manner. The initialisation process 
requires 3 major tables in an MS Access database named with the prefix Carbw… and suffix must be the 
year the inventory data was recorded e.g. Carbwini_20XX (the characters in bold are mandatory).  
It is also important that the table field headers are identical to the examples provided; otherwise call up 
functions based on field header titles can not be executed.  
Note if a header is missing or incorrectly entered a warning and error file will be created outlining the 
nature of the error 
 
Data formats 
All tables in the Access database should not be linked but imported into Access. The table and field 
names and data formats must be adhered to. 
 

4.1.1.1 The ‘Trees’ table (specific data on mandatory fields) 

This table contains information pertaining to individual trees with a diameter at breast height (i.e 130cm) 
of 7cm or greater. The Trees table should contain the following headers with specified information (also 
see Table 1): 

a) IDPlots: the plot number 
b) ID: Tree identification number. These should be unique starting at 1 (not necessarily in numerical 

order). If there are trees within the plot with a DBH less than 7cm then these should be recorded 
in the IndividualTrees table. However all of these trees should also be identified in the Trees 
table. The Tree table ID should be 900x (where x is the tree ID in the IndividualTrees table (e.g. 
if the tree ID in the IndividualTrees table is 1 then the ID in the Trees tae should be 9001) 

c) Edit_date: the date and time the data was entered or modified e.g. 16/07/2005 12:34:56 
d) Edit_user: user who input or changes the data. SYSTEM should be used as a default. 
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e) DBH_mm: DBH at 130cm in mm for all trees in the Trees table. The growth models have been 
parameterised using DBH at 130 cm if other conventions are used then this will create bias in the 
projected C stock changes. The software does facilitate a partial sampling system, but if a tree is 
identified in the Trees table the DBH and corresponding data must be entered.  

f) Height_m: the corresponding tree height in m. It is not necessary to provide the height of all trees 
when DBH is measured. However, a complete list of tree height will reduce modelling error since 
the software runs algorithms to calculate missing height data. 

g) CrownBase_m: The height at the base of the living crown in meters. This must me measured if 
total height in measured.  

h) DeadCrBase_m: The height at the base of the dead crown in meters. This must be measured if 
total height in measured.  

i) Tree_Length_m: the total tree length form the stump to the highest point on the crown in m. 
This would be equal to tree height if the tree is not slanted. 

j) Crown_Length_m: This is the Tree_Length_m minus the CrownBase_m 
k) Species: These are codes specifying the species. It is important to use the same codes and 

classification of species cohorts so the software can allocate a given tree in to the correct cohort 
where specific algorithms are applied. If there is a species not present in the list use a code 
corresponding to the next most similar species. 

Note: The growth models are empirically derived so application of models to trees outside the Republic 
of Ireland or the UK will introduce model error. However, CARBWARE developers will parameterise 
models representative of local ecological and climatic zones if requested and the appropriate calibration 
data is available.  
For a full list of species, lookup codes and corresponding cohorts see model_cohort_lookup.xls on 
instillation disc. 

l) Age: tree age in years. The growth models use are age and distance independent, bit this 
information is used to derive variable such as litter or dead wood pools and to allow aggregation 
of data in the reporting manual 

m) DeadTree: These are look-up code specifying if the tree id dead and how long ago it died (see 
Table 1 for details). This is used for initialising the mortality algorithms. 

n) CalcHeight_m: If the inventory uses another method to calculate the height of tree which are not 
measured this can be entered here 

o)  TreeNumber: This is the number of trees represented for this entry. Not to be confused with 
expansion factor. The default is 1 unless trees are listed in the IndividualTrees table. So if the tree 
ID is 9001 with 6 trees in the plot entered in the IndividualTress table then the TreeNumber 
would be 6. This value is used to validate the data when the Trees and IndividualTrees table is 
merged, when the CARBWARE pre-processing table is created.  

 
p) ExpansionFactor: the number of trees the sampled tree represents (see information Box 1). If all 

trees in a plot are sampled and entered then the Expansion Factor is 1. 
q) BasalArea_m2: is the individual tree basal area in m2. 
r) DBH_cm: DBH_mm divide by 10 
s) RepreBasalArea_m2: is the BasalArea_m2 x ExpansionFactor 
 
 

4.1.1.2 The ‘IndividualTrees’ table 

 
As mentioned previously this table contains information on trees with a DBH of less than 7cm. This is 
required because additional information is captured in this case. In this table all entered trees must have a 
measured tree height and DBH if present. These tables are also used to create virtual plots from 
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establishment. The IndividualTrees table should contain the following headers with specified information 
(also see Table 1): 
 

a) IDPlots: This must correspond with the IDPlot number in the Trees table 
b) ID: small tree ID starting with number 1, each tree for a given species should be consecutively 

numbered. If there are mixed species in a plot then should be  
c) Edit_date: the date and time the data was entered or modified e.g. 16/07/2005 12:34:56 
d) Edit_user: user who input or changes the data. SYSTEM should be used as a default. 
e) Species: These are codes specifying the species. It is important to use the same codes and 

classification of species cohorts so the software can allocate a given tree in to the correct cohort 
where specific algorithms are applied. If there is a species not present in the list use a code 
corresponding to the next most similar species. 

Note: The growth models are empirically derived so application of models to trees outside the Republic 
of Ireland or the UK will introduce model error. However, CARBWARE developers will parameterise 
models representative of local ecological and climatic zones if requested and the appropriate calibration 
data is available.  
 
For a full list of species, lookup codes and corresponding cohorts see model_cohort_lookup.xls on 
instillation disk 
 

f) Height_m: tree height in meters, all trees should have a measured height 
g) Diameter_mm: diameter of trees at 130cm. If tree are less than 139cm high then the cell should 

be left blank 
h) Age: tree age in years.  

 

4.1.1.3 The ‘Lookup’ table 

The lookup table contains plot specific information (one entry per plot), such as the size of the sample 
plot an characteristics used for aggregation and reporting final model outputs. Some of these values can 
be user defined to facilitate different software users. However, the field header and table format should be 
identical to the example provided.  

a) PlotID: this must correspond with the IDPlot number in the Trees and IndividualTrees tables. 
b) Area_ha: the sample plot area, e.g. using the example in Box 1 the plot is 0.05 ha 
c) County: these are user defined lookup codes (must be numeric) used to agreegating final data in 

to regional categories. This does not have to be counties but the field header should not be 
changed. 

d) Ownership: A user defied lookup code for describing forest owner categories 
e) Forest_category: this can be user defined to categorise plots under different forest types. For 

example the Irish UNFCCC reporting system uses the following categories  
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Table.2. Default forest category codes used. 

 
Forest stands were considered to be pure if one species represents 80 % or more of the canopy  
 

 
f) LanduseField: not mandatory  
g) Litter_C_tn_1: This is the initial litter carbon pool expressed per unit area of the plot (tC per 

plot), which is user defined. If no data is available then a look up table can be used to derive the 
value based on forest category (table 2) and age of stand (see Cpool_lookup_t0.xls, litter 
worksheet on instillation disc) 
Note: the look up value is in tC per ha and must be normalised to the area of the plot, e.g 
for a 0.05ha plot the look up values must be multiplied by 0.05) 

h) Stump_Ctn: This is the initial litter carbon pool expressed per unit area of the plot (tC per plot), 
which is user defined (range 0 to 26 t C per ha). The data is derived from measurements of stump 
volume and decays class where stump carbon = volume x wood density(0.4 default)  x decay 
constant for different decay classes ( 0.98 to 0.48) x a C fraction (0.5 default). If no data is 
available then a look up table can be used to derive the value based on forest category (table 2) 
and age of stand (see Cpool_lookup_t0.xls, stumps  worksheet on instillation disc) 

i) Deadlog_Ctn: This is the initial litter carbon pool expressed per unit area of the plot (tC per 
plot), which is user defined (range 0 to 200 t C per ha). The data is derived from measurements of 
dead logs and decay class data where log carbon = volume x wood density (0.4 default)  x decay 
constant for different decay classes ( 0.98 to 0.48) x a C fraction (0.5 default). If no data is 
available then a look up table can be used to derive the value based on forest category (table 2) 
and age of stand (see Cpool_lookup_t0.xls, deadlog worksheet on instillation disc) 

j) CARBWARE_soil: Soils are sub categories according to soil types. In the example database 
there are 7 categories 

k) Soil_EF_category: Soils are sub categories according to soils emission factors applied to 
different soils groups. In the example database there are 3 categories, mineral, organo-mineral 
and peat soils.  

l) Drainage pre- defined:100-excessive drainage; 200-well drained; 300-moderate to well drained; 
400-imperfectly drained 500-poorly; 600-very poorly; 700-undefined (limestone pavement) 
These are used for N20 emission calculations 

m) Soil_depth_cm: Soil depth in m  
n) Peat_depth_cm Soil depth in m is used to calculate the emissions from organo-mineral soils. In 

the example database, soils with a peat depth less than 60 cm are defined as organo-mineral and 
the emission factor is reduced proportionally according to peat depth 

Forest_Category_Code Forest_Category_Description
1 Spruce (Pure). Mainly Sitka and Norway spruce
2 Pine (Pure). Prodominantly Scots and lodgepole pine
3 Larch (Pure)
4 Other conifers (Pure)
5 Fast growing broadleaves (Pure) such as ask, Alder, Sycamore, Birch
6 Slow growing broadleaves (Pure) such as Oak and Beech
7 Conifer mixes
8 Broadleaf mix
9 Conifer/Boradleaf mix
10 Open areas including biodiversity areas, roads within the forest boundary
11 Blown areas subjected to windthrow
12 Scrub, felled or failed areas (planted and unplanted)
13 New afforestation after 2006
14 Natural succession and regenreating land

101 to 115 Harvested areas. E.g 101 are harvested spruce areas 
200 Burned areas
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o) EF_soil: this is the emission factor in t C per ha (positive for emissions) or soil sequestration for 
mineral soils (negative for sequestration, if available). The current models does not apply 
emissions or reductions for mineral soils because current science suggest there is no significant 
change over a 20 year transition  

p) Equilibrium time: This is the transition time for the application of soil EF, not functional in this 
version 

q) Net_Soil_DCtn_1: EF x the area of the plot x (Peat_depth_cm/60, only if peat depth is < 60 cm) 
r) MineralNO2_EF: Not included in current version 
s) Organic_poor_NO2_EF: Not included in current version 
t) Organic_rich_NO2_EF: Not included in current version 
u) NO2T: Not included in current version 

4.1.1.4 The ‘tblEvents’ table 

The Events table instructs the software when to harvest specific plots and specifies the basal areas to be 
removed. See table 1 for details. 
 

a) PlotID: must be the same as ID plot in other tables 
b) Year: is the year when the harvest occurs, the harvest takes place after a growth cycle at the end 

of the year 
c) Event: defines a thinning (200) or clear fell (100) harvest 
d) Reduction: is the basal area per ha removed. For clear fells all the trees are removed regardless of 

the target basal area. For thinning, trees are randomly removed until the threshold basal area is 
reached.  
Note that a thinning will not be executed if the thinning basal area is greater than the standing 
basal area. We recommend that preliminary runs are performed to check if the correct basal area 
reduction is applied at thinning.  

4.1.1.5 The ‘Afor_Criteria’ table 

The afor_criteria table is used to pre-sample the database when creating a project. This allows for quick 
selection of plots that fall into the UNFCCC reporting categories under articles 3.3 (post 1990) and 3.4 
(pre-1990 forests) under the Kyoto protocol. 

 
 
Field names and data formats 

The screen shot of the Individual trees table below shows the precise field names, order of field and 
data formats which must be adhered to. The field properties can be viewed from Access using the 
design view option. See the example Carbwini.2005 database on instillation disc for reference. 
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5.2  Populating Trees Table with Small Tree Records from 

       IndividualTrees Table 
 

 With the required database selected (see Section 5.1), click on the Pre-Processing button in the 
Main Menu screen: 

 

 
 
 

 You will see the following Pre-Processing control screen: 
 

 
 

 
Note:  The database in use is always referenced at the top of this screen. 
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 If you do not wish to proceed with pre-processing your inventory database, click on the Close 
Pre-Process Window button and you will return to the Main Menu screen. 

 To proceed with pre-processing your inventory database, click on the Get Plots with Small 
Trees button.  A drop down listing of all inventory plots with small trees will be shown: 

 

 
 

 
Note:  Refer to Section 3.2 for a detailed description of the CARBWARE pre-
processing module functions that process standardised inventory data into a format that 
can be used by the CARBWARE growth and modification models. 

 
 The user must repeat a routine of listing and then populating the Small Trees within each selected 

plot.  This is done as follows: 
 Select a Plot using the Drop Down Box.  In this example Plot 54 is selected. 
 Click on the List Small Trees button.  All small trees within Plot 54 will be listed.  In this 

example there are 4 small trees. 
 



88 
 

 
 

 Click on the Populate Small Trees button.  All small trees within the selected plot will be added 
to the Trees Table within your inventory database.  In this example there are 4 small trees within 
Plot 54, and 4 new records will be added to the Trees Table. 

 

 
Note:  Results of this pre-processing routine can be seen in the Trees Table within 
your inventory database in the form of new records.  In this example (see below) the 
processing of small trees in plot 54 has resulted in 4 new records being created in the 
Trees Table.  Newly created records for small trees will always have an ID beginning 
with 9001 and “CARBWARE” will always be assigned to the Edit_user field to 
identify the fact that the Trees Table has been modified by the CARBWARE pre-
processing module. 

 

 
 

 As each plot with small trees is successfully pre-processed, it will be removed from the drop 
down listing of inventory plots with small trees.  The user must repeat the routine of listing and 
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then populating the Small Trees within each plot until all inventory plots with small trees have 
been pre-processed and no more plots are listed.  The inventory database in now ready to create 
the Carbware Table which will form the basis of all growth simulation, stand modification and 
carbon allocation routines to be performed on the inventory database (see Section 5.3). 

 

5.3  Creating the Carbware Table 

 
 Once all Small Trees have been populated into the Trees Table (see Section 5.2), click on the Fill 

Carbware table button in the Pre-Processing control screen. 
 

 
Note:  The Fill Carbware table button will remain deactivated until all Small Trees 
have been populated into the Trees Table using the pre-processing routine outlined in 
Section 5.2. 

 
 
 

 The final stage of the pre-processing routine will begin and a status / progress bar will appear.  
The time taken to perform this pre-processing will depend on the size of your inventory database.  
When the pre-processing routine is complete you will see the message “Pre-Processing 
completed”.  Click on the Close Pre-Process Window button and you will return to the Main 
Menu screen 
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Note:  Once complete, results of this pre-processing routine can be seen in the 
populated Carbware Table within your inventory database.  The Carbware Table 
forms the basis of all growth simulation, stand modification and carbon allocation 
routines to be performed on the inventory database.  It contains many new calculated 
fields which are described in Table 3 below. 
 
Refer to Section 3.2 for a description of the CARBWARE pre-processing functionality 
resulting in the Carbware Table. 
 

 
 

 
 
 

Field Code Description 
PlotID  Plot ID 

TreeID  Tree ID 

SPP 
Species look up ID (see ID field in look up file on instillation disc file 
name: model_cohort_lookup.xls) 

Age  Age of tree 

PlantYear  Year planted 

DBH  Diameter at breast height (1.3 m) in cm 

dbhcm_ties 
Calculated parameter showing values with the same DBH (indicated 
as ‘2’)  

ExpansionFactor  Representative number of trees (see Information Box 1) 

BA  Calculated basal area of tree in m2 

BAha  Calculated basal area of tree per ha (form DBH and plot area) 

Density  Calculated Tree per ha 

RepreBA  Calculated BAha * Expansion factor 

BAL  Sum of all RepreBA in a plot smaller than object tree 

BAL_ties_adjusted3  Adjusted BAL to account identical DBH values 

HT  Measured H from Trees and individual trees tables 

CalcHeight_m  NFI generalised DBH H estimate from Trees table 

Estim_Ht  Calculated H using individual tree models 

Logit_CR  Log of Crown ratio 

CR_Invent  Measured crown ration (999 is null) 

CR_Calc  Calculated crown ratio

OGCD  Calculated max radius threshold for open grown tree 

OGCA  Calculated max diameter threshold for open grown tree 
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EP_OGCA  Adjusted competition factor for partial sample 

CCF  Calculated crown competition factor 

lnCCF  Ln (CFF) 

DBH_Increment  Calculated DBH increment  

HT_Increment  Calculated H increment for larger trees  

Cohort_Code 
Species COHORT ID (see ID field in look up file on instillation disc file 
name: model_cohort_lookup.xls)From  

Mean_H  Mean H of small trees 

H_Index  H index (H/meanH) small trees 

plotba_m2_ha  Plot basal area 

Pred_H_inc  Predicted H increment for small trees 

Adj_Ht  Adjusted value for small tree H increment 

Adj_Ht_Err  Erorr note 0 = no error

DeadTree  Dead tree flag (100 alive, 200 recently dead, 300 dead ) 

logit_pmort  Mortality algorithm 

pmort  Probability of tree dying 

Weight  Weight factor used for mortality probability 

Table 3 – Description of Carbware Table Fields  
 

6  Creating or Selecting a Carbware Project 

6.1  Creating a New Carbware Project 

 
 Once you have pre-processed your inventory database you can now create a CARBWARE 

project.  A project sets the parameters for Growth Simulation and Stand Modification routines to 
be performed on your inventory database prior to running the Carbon Allocation Process (see 
Section 9).  The following parameters can be set: 

 
a. The Forest Inventory Database to be used.  This must be pre-processed as per procedures 

outlined in Section 5; 

b. The range of inventory plots to be analysed within the selected Inventory Database.  All or a 
sub-set of inventory plots can be selected based on user defined Plot Number Selection or 
Date Criteria Selection; 

c. The Stand Modification routines to be performed on the selected inventory plots. 
 
 

 
Note:  Selected parameters for each new CARBWARE project are stored in the 
tblProj Table located in the _Carbware_Param database which is installed as part of 
the CARBWARE installation. 
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 To create a new CARBWARE project click on the Choose Project button in the Main Menu 
screen: 

 

   
 
 

 You will see the following Project Selection screen: 
 

 
 

 
Note:  If you have already created a CARBWARE project it will be listed on the right 
hand side of this screen (see Section 6.2 for details on how to select an existing 
CARBWARE project). 

 
 To return to the Main Menu screen without creating or selecting a CARBWARE project click on 

the Cancel button.  To proceed with creating a new CARBWARE project click on the New 
Project button.  You will see the following Project Parameters screen: 
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 The selected inventory database will be assigned to the CARBWARE project and you will return 
to the Project Parameters screen.  The selected inventory database will be shown on this screen 
below the Project Name and the Inventory Year will be displayed in the top right hand corner. 

 

 
Note:  Inventory Year is determined by the inventory database file naming convention.  
The last four digits of the inventory database filename determine the Inventory Year 
for the selected database.  Refer to Section 4.1.1 for details on how to name your 
inventory database files correctly. 

 

 
 
6.1.2  Filtering the Forest Inventory Database by Plot or Date Criteria 
 

 Before initiating Growth Simulation and Stand Modification routines you can select all or a sub-
set of inventory plots to work with using the Filter Baseline Inventory Database controls 
within the Project Parameters screen. 

 
 To select specific plots, click the by Plot ID control on the Project Parameters screen and 

highlight the required plots. 
 

 To select all plots or plots within a certain age class, click the by Date Criteria control on the 
Project Parameters screen and highlight the required date criteria: These are identified from the 
Afor_Criteria table (an essential prerequisite table in database see section 4.1.1.5) 

 
o All will select all inventory plots within the selected forest inventory database; 

o Article 3.3 will select all trees within the selected forest inventory database that have a 
planting year of 1990 or younger; 

o Article 3.4 will select all trees within the selected forest inventory database that have a 
planting year before 1990. 

 
6.1.3  Selecting the required Stand Modification Events 
 

 Before initiating Growth Simulation and Stand Modification routines you can select whether or 
not to apply all or some stand modification events using the Stand Modification controls within 
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the Project Parameters screen.  Click on the Tick Box controls next to Natural Mortality, 
Clear Fell and Thinning to activate or deactivate these stand modification events for your 
CARBWARE project. 

 

 
If Natural Mortality is activated the CARBWARE model will perform annual 
mortality events during each annual growth simulation cycle as described in Section 
3.2.  The species cohort specific probability threshold values used in CARBWARE’s 
natural mortality model can be defined by the user in the P_Death_Thresholds table 
located in the _Carbware_Param database which is installed as part of the 
CARBWARE installation. 
 

 
 

 
If Clear Fell and / or Thinning are activated the CARBWARE model will perform 
clearfell events and / or thinning events after each annual growth simulation cycle as 
described in Section 3.2.  Activated clearfell and thinning events are determined by the 
tblEvent table located in the selected inventory database.  All plots (PlotID) with a 
prescribed harvest event (clearfell and / or thinning) must be listed in this table, along 
with the Year of the event, the Event code (100 = Clearfell; 200 = Thinning) and the 
basal area Reduction factor (refer to Section 4.1.1.4 for details relating to the tblEvent 
table). 
 

 
6.1.4  Saving a New Carbware Project 
 

 Once you have set all of the required parameters for your new CARBWARE project you must 
save the set parameters by clicking the Save Settings button on the Project Parameters screen. 

 
 You can now begin annual Growth Simulation and Stand Modification routines (see Section 7) or 

return to the Main Menu screen by clicking the Close button on the Project Parameters screen. 
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6.2  Selecting a Saved Carbware Project 

 
 To select and open a saved CARBWARE project click on the Choose Project button in the Main 

Menu screen: 
 

   
 
 

 You will see the following Project Selection screen: 
 

 
 

 
Note:  All previously saved CARBWARE projects (that have not yet been deleted) will 
be listed on the right hand side of this screen. 

 
 To return to the Main Menu screen without selecting a CARBWARE project click on the Cancel 

button.  To select a CARBWARE project click on one of the Project Names listed on the right 
hand side of this screen and then click on the Accept button.  The Project Parameters / Growth 
Simulation screen will open and the saved parameters associated with the selected CARBWARE 
project will be displayed. 

 
 You are now ready to perform annual Growth Simulation (and Stand Modification) routines on 

your selected inventory database (see Section 7). 
 

 
Note:  To delete an existing CARBWARE project listed on the right hand side of this 
screen, click on the project name (it will become highlighted) and then click on the 
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Delete button. 
 

7  Growth Simulation 

 

7.1  Running Annual Growth Cycles 

 
 Following guidelines outlined in Section 6, select and open the required CARBWARE project. 

 
 You will see the following Project Parameters screen, with the saved parameters associated 

with your project. 
 

 
 

 
Note:  The following parameters are associated with this project: 
 
Project Name:   Project_1 
Forest Inventory Database: Carbwini2005.mdb 
Inventory Year:   2005 (as per Forest Inventory Database naming 
convention) 
Inventory Database Filter:  All plots selected 
Stand Modification Options: Natural Mortality, Clearfell & Thinning Selected 
 

 
 The number of annual growth cycles performed to date will be noted at the bottom of the Project 

Parameters screen.  In this example, 0 cycles have been performed.  Up to 15 annual growth 
cycles can be performed. 

 
 Click on the Grow for 1 Year button to perform the first annual growth cycle.  CARBWARE 

will begin an annual growth cycle, performing a complex series of growth modelling and stand 
modification events as described in Section 3. 

 

 
Note:  The length of time for CARBWARE to complete an annual growth cycle will 
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largely depend on the size of your Forest Inventory Database (number of plots).  A 
large database such as that associated with Ireland’s National Forest Inventory will take 
several hours to process.  The Project Parameters screen displays a progress bar 
during an annual growth cycle, informing the user of progress and noting each of the 
stand modification events as they are simulated (Natural Mortality, Clearfell & 
Thinning). 
 

 
 

 When the first annual growth cycle is completed, a message will be displayed at the bottom of the 
Project Parameters screen noting the number of annual growth cycles performed to date and the 
location of the results of the latest growth cycle. 

 

 
 

 
Note:  Results of annual growth cycles for all CARBWARE projects are stored in the 
database file IncrementsDB.mdb which is installed on your PC as part of the 
CARBWARE software installation process (see Section 2.3).  A series of new tables 
are created for each of the annual growth cycles.  These are described in Section 7.2 
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below. 
 

 To perform another growth cycle, click on the Grow for 1 Year button again. 
 

 
Note:  As each annual growth cycle is completed, the Grow for 1 Year button is 
modified to inform the user of the cycle number and the date the next growth cycle will 
run to.  In this example (above) the button reads “Grow for 1 Year to Year 2    2007”. 

 
 To return to the Main Menu screen without performing another growth cycle click on the Close 

button. 
 

 
Note:  You can return to the Project Parameters screen to perform additional annual 
growth cycles at any time. 

 

7.2  Increment Database 

 
 As noted in Section 7.1 above, results of annual growth cycles for all CARBWARE projects are 

stored in the database file IncrementsDB.mdb which is installed on your PC as part of the 
CARBWARE software installation process (see Section 2.3).  A series of new tables are created 
for each of the annual growth cycles.  CARBWARE uses these tables to perform additional 
annual growth cycles (see Section 7.1) and to perform carbon allocation routines (see Section 9).  
Tables within the IncrementsDB.mdb database file relating to annual growth cycles are 
described in Sections 7.2.1 and 7.2.2 below.  Tables within the IncrementsDB.mdb database file 
relating to stand modification events within the annual growth cycles are described in Section 8. 
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project’s original inventory database Carbware Table, there are some additional fields required 
for Carbon Allocation purposes which are described in Table 4 below. 

 
Field Code Description Unit 
CF_TH  redundant  
AG  Above ground biomass Kg C per tree 
TB  Total biomass Kg C per tree 
NB  Needle/leaf biomass Kg C per tree 
LTR  Litter fall rate Kg C per tree  
SB  Stem biomass Kg C per tree 
RB  Root biomass Kg C per tree 
LT  Lop and top biomass Kg C per tree 
Adj_AB_dead  Adjusted dead biomass (Standing dead * Exp factor) Kg C 

Adj_AB_live 
Adjusted live abovegroung biomass (Standing dead * 
Exp factor) 

Kg C 

Litterfall  Adjusted littefall (LTR* Exp factor) Kg C 
SB_C  Adjusted Stembiomass (SB * Exp factor) Kg C 
Dead_RB  Adjusted dead root biomass (DeadRB * Exp factor) Kg C 
RB_C  Adjusted root biomass (RB * Exp factor) Kg C 
deadLT  Dead lop and top ( Kg C 
LT_C  Adjusted dead biomass (Standing dead * Exp factor)  
Standing_Dea
d_T0 

Adjusted dead biomass (Standing dead * Exp factor)  

Table 4 – Description of additional Carbware Table Fields in the IncrementsDB.mdb database  
 Project_1_01 represents an updated version of the project’s Carbware Table (Project_1_00) 

following one annual growth cycle simulation, including Height & DBH growth and the results of 
any stand modification events prescribed by the tblEvent Table located in the selected inventory 
database.  This is now the baseline data used by the CARBWARE model for growth simulation 
and stand modification event simulation from Year 1 (the inventory year +1) to Year 2 (the 
inventory year +2) etc.  For any project there can be up to 16 intermediate Carbware Tables (Year 
0 to Year 15). 

 

 
Note:  Any records (trees) that have been removed due to stand modification events 
during the first annual growth cycle simulation will no longer be listed in this table.  
Instead, they will be listed in one of the Stand Modification Events tables (see Section 
8). 

 
 As well as being used for annual growth cycle simulations, these intermediate Carbware Tables 

are used for Carbon Allocation purposes (see Section 9). 
 

8  Stand Modification 

 

8.1  Stand Modification Events during Annual Growth Cycles 

 
 As described in Sections 4.1.1.4 and 6.1.3, a series of prescribed stand modification routines can 

be performed on your inventory database plots during annual growth cycles, determined by your 
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project’s parameter settings (see Section 6.1) and the modification events (Thinning & Clearfell) 
prescribed in the tblEvent table in your project’s inventory database. 

 

 
Note:  Stand modification events include Natural Mortality, Thinning and 
Clearfelling.  It is not mandatory to run all or any stand modification events as part 
of your CARBWARE project.  You can turn events on or off using the Project 
Parameter controls when creating a new CARBWARE project (see Section 6.1.3). 

 
 As noted in Section 7.1, results of annual growth cycles for all CARBWARE projects are stored 

in the database file IncrementsDB.mdb which is installed on your PC as part of the 
CARBWARE software installation process (see Section 2.3).  A series of new tables are created 
for each of the annual growth cycles.  CARBWARE uses these tables to perform additional 
annual growth cycles (see Section 7.1) and to perform carbon allocation routines (see Section 9).  
Tables within the IncrementsDB.mdb database file relating to annual growth cycles are 
described in Sections 7.2.1 and 7.2.2 below.  Tables within the IncrementsDB.mdb database file 
relating to stand modification events within the annual growth cycles are described in Sections 
8.2 below. 

 

8.2  Stand Modification Event Tables 

 
All stand modification events performed on your inventory database plots are recorded in a series of new 
tables stored in the IncrementsDB.mdb database file. These tables are described in Sections 8.2.1 to 
8.2.4 below. 
 
8.2.1  Modified Records Table 
 

 The Modified Records Table within the IncrementsDB.mdb database file lists all records (trees) 
within your inventory database plots that have been modified by Natural Mortality, Thinning or 
Clearfell events during annual growth cycles. 

 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_ModifRecords.  In this example, the project name is 
Project_1 and so the project specific Modified Records Table is named 
Project_1_ModifRecords. 

 
 The CF_TH field in this table notes the stand modification event type that has modified a record 

(tree).  This can be 100 (Clearfell), 200 (Thinning) or 300 (Natural Mortality). 
 
8.2.2  Clearfell Events Table 
 

 The Clearfell Events Table within the IncrementsDB.mdb database file lists all records (trees) 
within your inventory database plots that have been clearfelled during annual growth cycles. 

 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_Clearfell_Table.  In this example, the project name is 
Project_1 and so the project specific Clearfell Events Table is named Project_1_ 
Clearfell_Table.  This events table lists all of the trees within your inventory database that have 
been clearfelled during any of your CARBWARE project’s annual growth cycles.  In this 
example there have been two annual growth cycles for Project_1 (2005 to 2006 and 2006 to 
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2007), noted by the fact that there are three Carbware Tables (Project_1_00, Project_1_01 and 
Project_1_02.  The year of each clearfell event is noted in the ModificationYear field in this 
table.  The EventCode field notes the stand modification event type that has modified a record 
(tree).  This will always be 100 (Clearfell). 

 
 In this example, there has been a total of 142 trees clearfelled over the two annual growth cycles 

for Project_1.  All of the events were in 2007 and 4 Plots were modified. 
 

 
 The Clearfell Events Table contains all of the necessary information for performing annual 

Carbon Allocation routines on the results of annual growth and stand modification simulations 
specific to prescribed clearfell events.  The Clearfell Events Table fields are described in Table 5 
below. 

 
Field Code Description Unit 
ModificationYear  Year of Clearfell  None 

EventCode  Code 100 = clearfell  None 

PlotID  Plot ID number  None 

TreeID  Tree ID harvested  None 

CohortCode  Cohort see cohort look up   None 

Estim_Height  Height estimated  m 

DBH  Diameter at breast height  cm 

Age  Age of harvested tree  years 

ExpansionFactor  Expansion factor for partial sample plot  None 

DeadTree  tree status 100=alive, 200 = dead  None 

AG  Aboveground biomass  kg C 

TB  Total biomass  kg C 

NB  Needle/leaf biomass  kg C 

LTR  Harvest stumpage residue  kg C 

SB  Stem biomass  kg C 

RB  Root biomass  kg C 

LT  lop and top  kg C 

AB_C  representative AG  biomass (AG*Exp  kg C 
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factor) 

SB_C  representative SB  biomass (SB*Exp factor)  kg C 

RB_C  representative RB  biomass (RB*Exp factor)  kg C 

LT_C  representative LT  biomass (LT*Exp factor)  kg C 

Volume  representative tree volume  m3

Table 5 – Description of Clearfell Events Table Fields in the IncrementsDB.mdb database  
8.2.3  Thinning Events Table 
 

 The Thinning Events Table within the IncrementsDB.mdb database file lists all records (trees) 
within your inventory database plots that have been thinned during annual growth cycles. 

 This project specific CARBWARE Table is created and named by CARBWARE using the 
naming convention Project Name_Thinning_Table.  In this example, the project name is 
Project_1 and so the project specific Thinning Events Table is named Project_1_ 
Thinning_Table.  This events table lists all of the trees within your inventory database that have 
been thinned during any of your CARBWARE project’s annual growth cycles.  In this example 
there have been three annual growth cycles for Project_1 (2005 to 2006, 2006 to 2007 and 2007 
to 2008), noted by the fact that there are four Carbware Tables (Project_1_00, Project_1_01, 
Project_1_02 and Project_1_03.  The year of each thinning event is noted in the 
ModificationYear field in this table.  The EventCode field notes the stand modification event 
type that has modified a record (tree).  This will always be 200 (Thinning). 

 In this example, there has been a total of 23 trees thinned over the three annual growth cycles for 
Project_1.  All of the events were in 2008 and only 1 Plot was modified. 

 
 

 The Thinning Events Table contains all of the necessary information for performing annual 
Carbon Allocation routines on the results of annual growth and stand modification simulations 
specific to prescribed thinning events. The Thinning Events Table fields are described in Table 6  

Field Code Description Unit 
ModificationYear  Year of Thinning  None 

EventCode  Code 200 = thinning  None

PlotID  Plot ID number  None 
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TreeID  Tree ID harvested  None 

CohortCode  Cohort see cohort look up   None 

Estim_Height  Height estimated  m 

DBH  Diameter at breast height  cm 

Age  Age of harvested tree  years 

ExpansionFactor  Expansion factor for partial sample plot  None 

DeadTree  tree status 100=alive, 200 = dead  None 

AG  Aboveground biomass  kg C 

TB  Total biomass  kg C 

NB  Needle/leaf biomass  kg C 

LTR  Harvest stumpage residue  kg C 

SB  Stem biomass  kg C 

RB  Root biomass  kg C 

LT  lop and top  kg C 

AB_C 
representative AG  biomass (AG*Exp 
factor)  kg C 

SB_C  representative SB  biomass (SB*Exp factor)  kg C 

RB_C  representative RB  biomass (RB*Exp factor)  kg C 

LT_C  representative LT  biomass (LT*Exp factor)  kg C 

Volume  represenatrive tree volume  m3 

Table 6 – Description of Thinning Events Table Fields in the IncrementsDB.mdb database  
8.2.3  Mortality Events Table 
 

 The Mortality Events Table within the IncrementsDB.mdb database file lists all records (trees) 
within your inventory database plots that have died as a result of the CARBWARE natural 
mortality function during annual growth cycles. 

 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_Mortality_Table.  In this example, the project name is 
Project_1 and so the project specific Mortality Events Table is named Project_1_ 
Mortality_Table.  This events table lists all of the trees within your inventory database that have 
died during any of your CARBWARE project’s annual growth cycles.  In this example there have 
been three annual growth cycles for Project_1 (2005 to 2006, 2006 to 2007 and 2007 to 2008), 
noted by the fact that there are four Carbware Tables (Project_1_00, Project_1_01, Project_1_02 
and Project_1_03.  The year of each mortality event is noted in the ModificationYear field in 
this table.  The EventCode field notes the stand modification event type that has modified a 
record (tree).  This will always be 300 (Natural Mortality). 

 
 In this example, a total of 441 trees have died over the three annual growth cycles for Project_1.  

Mortality events were in 2006, 2007 and 2008. 
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 The Mortality Events Table contains all of the necessary information for performing annual 
Carbon Allocation routines on the results of annual growth and stand modification simulations 
specific to prescribed thinning events.  The Mortality Events Table fields are exactly the same as 
the Clearfell Events Table fields described in Table 6 (see Section 8.2.2), with one exception.  
The final field is named standing_deadwood and replaces the Volume field in the Clearfell 
Events Table and Thinning Events Table (see Table 7 below). 
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Field Code Description Unit 
ModificationYear Year of mortality None 
EventCode Code 300 = mortality None 
PlotID Plot ID number None 
TreeID Tree ID dead None 
CohortCode Cohort see cohort look up  None 
Estim_Height Height estimated m 
DBH Diameter at breast height cm 
Age Age of harvested tree years 
ExpansionFactor Expansion factor for partial sample plot None 
DeadTree tree status 100=alive, 200 = dead, 300 

damaged tree 
None 

AG Aboveground biomass kg C 
TB Total biomass kg C 
NB Needle/leaf biomass kg C 
LTR Harvest stumpage residue kg C 
SB Stem biomass kg C 
RB Root biomass kg C 
LT lop and top kg C 
AB_C representative AG  biomass (AG*Exp 

factor) 
kg C 

SB_C representative SB  biomass (SB*Exp factor) kg C 
RB_C representative RB  biomass (RB*Exp 

factor) 
kg C 

LT_C representative LT  biomass (LT*Exp factor) kg C 
Standing 
deadwood 

representative dead tree total biomass kg C 

 

Table 7 – Description of Mortality Events Table Fields in the IncrementsDB.mdb database  

9  Carbon Allocation 

 
Once you have completed the growth and stand modification event simulations for your CARBWARE 
project, you must complete the Carbon Allocation process before you can generate any CARBWARE 
results.  As described in Section 3.2, the CARBWARE Carbon Allocation process uses the intermediate 
growth output tables (described in Sections 7 and 8) to generate carbon stock estimates for 6 major carbon 
pools.  These are: 
 

 Above Ground 
 Below Ground 
 Deadwood 
 Litter 
 Soil 
 Harvested Wood Products 
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9.1  Running the Carbon Allocation Process 

 
 To run the Carbon Allocation process for a CARBWARE project, click on the Co2 Allocation 

button in the Main Menu screen: 
 

 
 
 

 You will see the following Co2 Allocation screen: 
 

 
 

 If you do not wish to proceed with the Carbon Allocation process, click on the Close Co2 
Allocation button and you will return to the Main Menu screen. 

 
 The Co2 Allocation screen lists all current CARBWARE projects that have yet to undergo the 

Carbon Allocation Process.  In this example there is only one project (Project_1). 
 

 To proceed with the Carbon Allocation process, select the required project by clicking on the 
project name.  The project name will become highlighted and a list of all annual growth cycles 
(Iterations) will be shown.  In this example there have been 3 annual growth cycles and 4 carbon 
allocations can be performed, one for the baseline inventory year (Year 0) and one for each of the 
3 annual growth cycles. 
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Note:  If your CARBWARE project has been run for the maximum of 15 annual 
growth cycles, 16 carbon allocations can be performed, one for the baseline 
inventory year (Year 0) and one for each of the 15 annual growth cycles. 

 
 

 
 
 

 To proceed with the Carbon Allocation process for one or more of the annual growth cycles 
performed during the Growth Simulation stage of your CARBWARE project, select one or more 
of the listed growth cycles.  In this example two have been selected, the baseline inventory year 
(Year 0) and the first annual growth cycles (Year 1).  The Allocate Co2 button will become 
active. 

 
 

 
 

 Click on the Allocate Co2 button.  CARBWARE will perform the Carbon Allocation process for 
each of the selected growth cycles.  Previously unpopulated fields (relating to the six carbon 
pools) within the project and growth cycle specific CARBWARE Tables in the 
IncrementsDB.mdb database file (see Section 7.2.2) will be populated. 

 

 
Note:  You can run the Allocate Co2 routine for all or some of the listed growth 
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(e.g. Carbwini2005.db).  This must be done prior to running the Carbon Stratification 
process.  Lookup table inputs include initial litter and deadwood inputs and soils 
emission factors (see Section 4 for further details). 

 
 When you have completed the Carbon Allocation and Stratification process, click on the Close 

Co2 Allocation button and you will return to the Main Menu screen. 
 
 

9.2  Carbon Allocation Tables 

 
 When the CARBWARE Carbon Allocation and Stratification process is run for a project (see 

Section 9.1), CARBWARE creates a set of six new project specific tables in the 
IncrementsDB.mdb database file for each of the carbon pools. 

 

 
 
 

 These tables, described in Sections 9.2.1 to 9.2.6 below, summarise pool specific results of 
inventory plot level carbon estimates. 

 

 
Note:  With the exception of the Soil Table, these Carbon Allocation Tables will 
contain a variable number of fields, depending on the number of annual growth 
cycles that have been simulated and allocated within your CARBWARE project.  
The examples presented in Sections 9.2.1 to 9.2.6 below show Carbon Allocation 
Tables for a project with two annual growth cycles. 

 
9.2.1  Above Ground Carbon Table 
 

 The Above Ground Carbon Table within the IncrementsDB.mdb database file summarises 
above ground carbon estimates within your inventory database plots for each of the annual 
growth cycles that have been simulated and allocated within your CARBWARE project. 

 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_AG.  In this example, the project name is Project_1 and so 
the project specific Above Ground Carbon Table is named Project_1_AG.  This table lists 
inventory plot level carbon estimates for the above ground carbon pool. 
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 The Above Ground Carbon Table fields are described in Table 8 below. T0, t1 and t2 in the table 

refer to the growth cycles 0, 1 and 2 representing 2005, 2006 and 2007 (for Carbwini2005. If the 
Carbwxxx file is for 2009, then t0 will be 2009.  

 
Field Name Description  Units 

PlotID  Plot ID  None 

Area_ha  Area of Plot (default =0.05)   ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID  Forest catgory lookup ID (user defined)  None 

AB_deadtree_C_t01  Dead above ground biomass (AB)  time (t1)  tC/plot 

AB_Living_C_t01  Living AB biomass t1  tC/plot 

Mortality_AB_t01  AB mortality t1  tC/plot 

Thin_AB_t01  AB thinnings t 1  tC/plot 

CF_AB_t01  AB clearfells t1  tC/plot 

AB_C_t01  AB form t1  tC/plot 

Litterfall_C_t01  Litterfall t1  tC/plot 

SB_from_thin_C_t01  Stem biomass (SB) from thinning t1  tC/plot 

SB_from_cf_C_t01  Stem biomass (SB) from clearfell t1  tC/plot 

HWP_t01  Timber biomass to harvested wood product (HWP) pools 
t1. Note Harvested timber is assumed to be immediate 
oxidised following harvest but timber is allocated to the 
HWP table is further analysis is required 

tC/plot 

HR_t01  Timber harvest residue let of site (default assumed a 
constant value of 4 % of timber harvested) 

tC/plot 

AB_C_gain_t01 
AB_C_t01 minus AB living plus mortality, Thin and cleafell 
t01(negative value represents a gain)  tC/plot 

AB_C_loss_tn01  sum of AB mortality, litter, SB from CF and Thin t01 tC/plot 

Net_AB_t01  sum AB_C_gain and AB_C_loss   tC/plot 

AB_deadtree_C_t02  dead tree AB (from mortality model)  tC/plot 

AB_Living_C_t02  Living AB biomass t2  tC/plot 

Mortality_AB_t02  AB mortality t2  tC/plot 

Thin_AB_t02  AB thinnings t 2  tC/plot 

CF_AB_t02  AB clearfells t2  tC/plot 

AB_C_t02  AB form t2  tC/plot 

Litterfall_C_t02  Litterfall t2  tC/plot 

SB_from_thin_C_t02  Stem biomass (SB) from thinning t2  tC/plot 

SB_from_cf_C_t02  Stem biomass (SB) from clearfell t2  tC/plot 

HWP_t02  HWP t2  tC/plot 
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HR_t02  HR t2  tC/plot 

AB_C_gain_t02 
AB_C_t02 minus AB_C_t01 plus mortality thinning and 
clearfell t02(negative value represents a gain)  tC/plot 

AB_C_loss_tn02  sum of AB mortality, litter, SB from CF and Thin t02  tC/plot 

Net_AB_t02  sum AB_C_gain and AB_C_loss   tC/plot 

Table 8 – Description of Above Ground Carbon Table Fields in the IncrementsDB.mdb database  

 
9.2.2  Below Ground Carbon Table 

 This project specific CARBWARE Table is created and named by CARBWARE using the 
naming convention Project Name_BG.  In this example, the project name is Project_1 and so 
the project specific Below Ground Carbon Table is named Project_1_BG.  This table lists 
inventory plot level carbon estimates for the below ground carbon pool. 

 
Field Name  Description  Units 

PlotID  Plot ID  None 

Area_ha  Area of Plot (default =0.05)   ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID  Forest category lookup ID (user defined)  None 

RB_deadtree_C_t01  Dead root biomass (RB)  time (t1)  tC/plot 

RB_Living_C_t01  Living RB biomass t1  tC/plot 

Mortality_RB_t01  RB mortality t1  tC/plot 

Thin_RB_t01  RB thinnings t 1  tC/plot 

CF_RB_t01  RB clearfells t1  tC/plot 

RB_C_t01  RB form t1  tC/plot 

RB_C_gain_t01  RB_C_t01 minus RBliving plus mortality, Thin and CF t01 
(negative value represents a gain) 

tC/plot 

RB_C_loss_tn01  sum of RB mortality, RB from CF and Thin  tC/plot 

Net_RB_t01  sum RB_C_gain and RB_C_loss   tC/plot 

RB_deadtree_C_t02  dead tree RB (from mortality model)  tC/plot 

RB_Living_C_t02  Living RB biomass t2  tC/plot 

Mortality_RB_t02  RB mortality t2  tC/plot 

Thin_RB_t02  RB thinnings t 2  tC/plot 

CF_RB_t02  RB clearfells t2  tC/plot 

RB_C_t02  RB form t2  tC/plot 

RB_C_gain_t02  RB_C_t02 minus RB_C_t01 plus mortality, Thin and CF 
t02 (negative value represents a gain) 

tC/plot 

RB_C_loss_tn02  sum of RB mortality,RB fromCF and Thin t2  tC/plot 

Net_AB_t02  sum RB_C_gain and RB_C_loss   tC/plot 
 

Table 9 – Description of Below Ground Carbon Table Fields in the IncrementsDB.mdb database  
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9.2.3  Deadwood Carbon Table 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_DeadWood.  In this example, the project name is Project_1 
and so the project specific DeadWood Carbon Table is named Project_1_Deadwood.  This table 
lists inventory plot level carbon estimates for the deadwood carbon pool (all wood with diameter 
greater than 7cm and includes roots with diameter less than 5cm). 

 
Field Name  Description  Units 

PlotID  Plot ID  None 

Area_ha  Area of Plot (default =0.05)   ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID  Forest category lookup ID (user defined)  None 

Stump_C_t0 
Stump biomass t0 (from inventory or other 
model)  tC/plot 

Deadlog_C_t0 
Deadlog biomass t0 (from inventory or other 
model)  tC/plot 

Standing_deadwood_t0  From AB standing deadwood  tC/plot 

Deadwood_t01  Stump_C_t0, Standing t0 and Deadlog_C_t0  tC/plot 

HR_logs_t01  harvest residue from AB TH and CF  tC/plot 

HR_root_t01  harvest residue  from RB TH, CF and mortality tC/plot 

Standing 
_deadwood_t01  deadwood from mortality model t1  tC/plot 

Deadwood_in_t01  Stump_C_t1, standing t1 and Deadlog_C_t1  tC/plot 

Deadwood_out_t01  decomposition of cumulative deadwood t0 and t1  tC/plot 

Net_deadwood_t01  Deadwood_in_t01 minus deadwood out_t01  tC/plot 

Deadwood_t02  (deadwood t1 + t0)‐decomposition  tC/plot 

HR_logs_t02  harvest residue from AB TH and CF  tC/plot 

HR_root_t02  harvest residue  from RB TH, CF and mortality  tC/plot 

Standing 
_deadwood_t02  deadwood from mortality model t2  tC/plot 

Deadwood_in_t02  Stump_C_t2, standing t2 and Deadlog_C_t2  tC/plot 

Deadwood_out_t02  decomposition of cumulative deadwood t2  tC/plot 

Net_deadwood_t02  Deadwood_in_t02 minus deadwood out_t02  tC/plot 
 
Table 10 – Description of Deadwood Carbon Table Fields in the IncrementsDB.mdb database  
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9.2.4  Litter Carbon Table 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_Litter.  In this example, the project name is Project_1 and so 
the project specific Litter Carbon Table is named Project_1_Litter.  This table lists inventory 
plot level carbon estimates for the litter carbon pool (all wood with diameter less than 7cm). 

 
Field Name  Description  Units 

PlotID  Plot ID  None 

Area_ha  Area of Plot (default =0.05)   ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID  Forest category lookup ID (user defined) None 

net_litter_t0  Litter biomass t0 (from inventory or lookup model)  tC/plot 

Litter_input_t01  From AG table litterfall t1  tC/plot 

Mortality_LT_t01  Litter and branch from mortality t1  tC/plot 

Thin_AB_t01  Litter (top, leaf and branch) from thinning t1  tC/plot 

CF_AB_t01  Litter (top, leaf and branch) from clearfell t2  tC/plot 

T_Litter_in_t01  Mort LT, Thin_AB, CF_AB_Litter input t1  tC/plot 

T_Litter_out_t01 
Decomposition of accumulated T_litter in t01 and 
net_litter_t0  tC/plot 

Net_Litter_t01  T‐Litter‐in minus T litter out (t1)  tC/plot 

Litter_Stock_t01  (net_Litter t0 and T_litter t1) minus decomposition  tC/plot 

Litter_input_t02  (deadwood t1 + t0)‐Deadwood_t01  tC/plot 

Mortality_LT_t02  Litter and branch from mortality t1  tC/plot 

Thin_AB_t02  Litter (top, leaf and branch) from thinning t1  tC/plot 

CF_AB_t02  Litter (top, leaf and branch) from clearfell t2  tC/plot 

T_Litter_in_t02  Mort LT, Thin_AB, CF_AB_Litter input t2  tC/plot 

T_Litter_out_t02 
Decomposition of accumulated T_litter in t01, t02 and 
net_litter_t0  tC/plot 

Net_Litter_t02  T‐Litter‐in minus T litter out (t1)  tC/plot 

Litter_Stock_t02  (net_Litter t0 and T_litter t1, t2) minus decomposition  tC/plot 

Table 11 – Description of Litter  Carbon Table Fields in the IncrementsDB.mdb database  
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9.2.5  Soil Carbon Table 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_Soil.  In this example, the project name is Project_1 and so 
the project specific Soil Carbon Table is named Project_1_Soil. 

 
Field Name  Decription  Unit 

PlotID  Plot ID  None 

Area_ha  Area of Plot (default =0.05)   Ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID  Forest category lookup ID (user defined) None 

CARBWARE_soil  Soil code from Lookup (see soil lookup 
and soiltype_lookup xls)  None 

Soil_EF_Category  1 =  peats, 2 =peaty=mineral and 3= 
mineral soils  None 

Drainage  poor (100) to good (500)  None 

SoilDepth_cm  soil depth in cm  cm 

PeatDepth_cm  peat depth in cm  cm 

EPA_SoilGroups  NFI and Epa description (not used)  None 

EF_soil  emission factor for peats (defualt 0.59)  t C ha‐1 yr‐1

ADJ_EF_SOIL  EF_soil * (PeatDepth/30) if peat depth 
is less than 30 cm for peaty‐mineral 
soils 

t C ha‐1 yr‐1

Net_soil_  emission per plot per year 
t C plot‐1 
yr‐1 

 
Table 12 – Description of Soil  Carbon Table Fields in the IncrementsDB.mdb database  
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9.2.6  Harvested Wood Products Carbon Table 
 This project specific CARBWARE Table is created and named by CARBWARE using the 

naming convention Project Name_HWP.  In this example, the project name is Project_1 and so 
the project specific HWP Carbon Table is named Project_1_HWP. Note this just stores the HWP 
C form harvests specified in the Events table. HWP C storage is not included in the current 
version of CARBWARE 

Field Name  Decription  Unit 

PlotID  Plot ID  None 

Area_ha  Area of Plot (defualt =0.05)   ha 

County  County lookup ID (user defined)  None 

Ownership  Ownership lookup ID (user defined)  None 

LandUseField  Land use lookup ID (user defined)  None 

Soil_EF_Field  Soil EF ID lookup ID (user defined)  None 

Forest_Category_ID 
Forest category lookup ID (user 
defined)  None 

Harv_Thin01  Harvested C from thinnings t1  tC/plot 

Harv_clearfell01  Harvested C from clearfell t1  tC/plot 

Tot_Harvest_tC01  Total harvest C for t1  tC/plot 

Thin_Harvest_m301  Harvested volume from thinnings t1  m3/plot 

CF_Harvest_m301  Harvested volume from clearfell t1  m3/plot 

Harvest_m301  Total harvest volume for t1  m3/plot 

Harv_Thin02  Harvested C from thinnings t2  tC/plot 

Harv_clearfell02  Harvested C from clearfell t2  tC/plot 

Tot_Harvest_tC02  Total harvest C for t2  tC/plot 

Thin_Harvest_m302  Harvested volume from thinnings t2  m3/plot 

CF_Harvest_m302  Harvested volume from clearfell t2  m3/plot 

Harvest_m302  Total harvest volume for t2  m3/plot 
 
Table 13 – Description of HWP  Carbon Table Fields in the IncrementsDB.mdb database  
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10 The Reporting Module 

The reporting module aggregates the plot level information for each carbon pool (see allocation tables in 
section 9.2) to a national or regional level. The reporting format is designed to be interoperable with the 
UNFCCC common reporting tables: 
http://unfccc.int/national_reports/annex_i_ghg_inventories/reporting_requirements/items/2759.php  
 

10.1 Selecting the Project, reporting year and level of aggregation 

 Open the reporting module. 
 Select project (e.g. Project_1) from drop down list 
 Select the reporting year from drop down list (see screen shot below)- the first year from the 

growth simulation is 2006 in this case. 
 Select the reporting category from drop down list. Reporting results table can be aggregated at 3 

levels depending on information required. The aggregation fields (county and ownership) are 
defined in the Lookup table in the project data base (e.g. Carbwini2005). 

o All, report all fields aggregated (so country and ownership categories are not sub-
categorised). 

o County: The default values for county are shown in the county_lookup.xls file on the 
instillation disc. The user can modify this lookup value according to level of aggregation 
required. This does not necessarily have to be counties, although the field header will not 
change if other categories are defined. Selection of the county category will provide 
aggregated values for forest categories and soil types (as specified in the Lookup table) 
for each county. 

o Ownership: The default values for ownership are shown in the ownership_lookup.xls 
file on the instillation disc. The user can modify this lookup value according to level of 
aggregation required.  

In this example ALL forest and soil categores are agrregated into repective carbon pools (see screen shot 
below) 

 
 

10.2 Scale Up Value Option and Afforested & Fire Area Inputs  

 
This function is included to adjust for scaling up of plot information to the final forest area or reported 
reported. Using Carbwini2005 and Project_1 as an example, the number of plots (representing 400 ha per 
plot i.e. plots at a 2 x 2 km sampling grid) is 146, which represents 58400 ha. If the inventory has more 
detailed estimates of area (e.g. remote sensing data of detailed vector data sets) then a scale up 
adjustement can be made.  

 If there are additional areas not included in ther inventory, such as fires, these can be subtracted 
from the afforested area. In this example 100 ha (0.1 kha) were detected using other data sources. 
Note that there are no calculations for carbon stocks, these have to be done using user defined 
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methods and added to the final reported after the anlaysis is complete (refer to Duffy et al. 2011 
and the IPCC GPG, 2006, for sytems used for Irish reporting of fires) 

 If more accurante data sources suggest that the scaled up area is 58412 ha, for example, enter the 
new areas in Kha under the Aforested area (581.412 kha) then the scaled up forest area should be 
581.312 kha with 0.1 kha entered under fires as shown below. 

 Tick the scale up box and enter relevent vlaues in clear boxes (see screen shot below) 
 If the scale up area is the same and no additonal area are added do not select the Scale up Value 

tick box 

 
The report can now be generated 
 

10.3 Running a Report & Viewing a Report Table 

 
 Select Run Report 

  
 The location of the report table in the IncrementDB is shown in blue text at the bottom of the 

screen 
 To view the report select the Show Report button 



120 
 

 
 The results table can be exported to Excel by selecting the green Copy results to Clipboard 

button.  
 A pop up window confirming the export is shown, click OK 

 

 
 

 Open excel and a new worksheet and paste the copies cells. Save in you project record with a 
relevant file name. 

 Explanation of field headers and results are shown in Table x below 
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Field Name Description Unit 
Category  All categories are aggregated none 

Forest Cat 
Forest category as specified in Lookup table (see Table1 
section 4) 

none 

Soil Cat 

Soil category as specified in Lookup table under Soil_EF 
category (see Table1 section 4). Note that these can be user 
defined in the Lookup table 

none 

ADJ Area  
Area within in each category, this may be adjusted if Scale 
Up Value was selected 

kHa 

AG gain 

Above ground biomass gain Gg C 
Note positive 
is an uptake 
negative a 
loss of C 

AG net  Net above ground biomass loss or gain Gg C 
BG gain  Below ground biomass gain Gg C 
BG loss   Below ground biomass loss Gg C 
BG net  Net below round loss or gain Gg C 

Litter Net 
Litter net gain or loss (note includes all litter and wood with 
diameter less than 7 cm) 

Gg C 

DW Net 
Deadwood net gain or loss (note includes all wood with 
diameter greater than 7 cm) 

Gg C 

Soil Net 
Soil net gain or loss (note default values mineral soils are 
assumed to be zero, but an EF is applied all organic soils ) 

Gg C 

Net Gg C  Net gain or loss of C from all pools Gg C 
Net Gg CO2  Net gain or loss of CO2 Gg CO2 

 
 
 
 
 

11  Managing Carbware Databases 

The IncrementDB stores all intermediate and reported data files. These can accumulate and take up a lot 
of disc space. The data can be deleted and databases should be compacted and repaired to avoid 
accumulation of unwanted data or creation of large memory space requirements for the database. 
 

11.1 Deleting projects 

If you have created an unwanted project, all data from these can be deleted from the Assess database. 
 Open Carbware 
 Select Choose project 
 Select the project you wish to delete (e.g. Project2 below) 
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 Select Delete 
 A pop up warning will confirm that this Project will be deleted and promts the use to select OK, 

or Cancel if this is the wrong selection 
 Click OK and all files output files in the IncremetnDB related to the project will be deleted 
 Note the input database will not be effected (e.g.Carbwini2005)  

 

 
  

11.2 Compacting and reparing databases 

If databases in Access are modified, it is good proactrive to compact and repair the database to avoud 
redundant disc space usage and minimise database interoperability issues. This can be done in Access: 

 Open the database, IncrementDB in this example, which was modified because Project2 was 
deleted 

 Select the Database Tools menu and then the Compact and repair ribbon in Access2010 or 
Compact and repair drop down for Access 2007 and earlier 

 The Database with be repaired and compacted, you will see the disc allocation space has reduced 

 
 



123 
 

11.3 Error log 

If there is run time error or variable violation during the running of CARBWARE a error log file will 
be created in the program file directory. 

 
 

 Open the file to display the error log 
 

 
 
In this case the input table ‘Afor_Criteria’ was not included in the Carbwxxx file or there was an 
Field name error as specified by the ‘object variable or with block variablr not set..’ error 
 
Errors can occur for many reasons, but the most common reasons include 

 Exclusion of required input field or tables 
 Incorrect entry of field header names 
 Entry of incorrect numeric values e.g. DBH = 1234 cm 



 124

Appendix 1A: Allometric biomass equations (used in allocation module) 

Table 1: Allometric equations used to calculate biomass component for individual trees (kg d.wt tree-1). Similar species are grouped into 6 
different cohorts based on available research information (Spruces, Pines, Larches, Other conifers, fast growing broadleaves and slow growing 
broadleaves). Abbreviations: AB-above ground, TB-total biomass, BB-below ground, FB-foliage, SB-stem (i.e timber >7cm diameter), LHR= lop 
and top from harvest residues, DBH diameter at breast height (1.3 m) in cm, H –height in m.  
 
Eq Function Range Equation Coefficients r2 RMSE Slope Source 
    a b c d     
Spruce  
1 AB H>4.5m db HcDBHa   0.23 2.12 5 x 10-7 4.99 0.91 0.29 1.01 i, ii 

2 AB H<4.5m cHa b   1.32 1.7 1.38  0.86 0.2 1.1 i, ii 

3 TB   )()(exp AGLnbaLn   1.02 1.033   0.91 0.08 1.03 ii, iii 

4 BB  TB-AB         
5 FB   ABcbaAB  exp  0.025 0.089 0.003  0.68 3.4 0.98 i, ii 

6 SB   )()(exp AGLnbaLn   0.405 1.09   0.99 2.99 1.03 ii, iii 

7 LHR  AB-SB         
Pines 
8 AB H>3.8m db HcDBHa   0.07 2.42 0.039 2.51 0.93 0.13 0.94 ii, iii 

9 AB H<3.8m bHa  0.12 3.91   0.95 0.74 0.95 i, ii 

10 TB   )()(exp AGLnbaLn   1.15 1.01   0.96 0.4 1.01 ii, iii 

4 BB  TB-AB         
5 FB   ABcbaAB  exp  0.025 0.089 0.003  0.68 3.4 0.98 i, ii 

11 SB   )()(exp AGLnbaLn   0.71 1.005   0.97 0.27 0.96 ii, iii 

7 LHR  AB-SB         
Larch 
12 AB H>2m db HcDBHa   0.11 2.31 0.001 3.29 0.94 0.27 0.94 ii, iii 

13 AB H<2m bHa  0.03 1.91   0.67 0.44 1.2 i, ii 

14 TB   )()(exp AGLnbaLn   1.43 0.98   0.99 0.25 0.99 ii, iii 

4 BB  TB-AB         
            



 125

 
 

Eq Function Range Equation Coefficients r2 RMSE Slope Source 
    a b c d     
5 FB   ABcbaAB  exp  0.025 0.089 0.003  0.68 3.4 0.98 i, ii 

15 SB   )()(exp AGLnbaLn   0.903 0.972   0.98 0.28 0.96 ii, iii 

7 LHR  AB-SB         
Other conifers 
16 AB H>3.8m db HcDBHa   0.022 2.73 0.19 2.06 0.96 0.46 1.008 ii, iii 

17 AB H<3.8m cHa b   0.005 1.58 1.12  0.86 0.28 1.02 i, ii 

18 TB   )()(exp AGLnbaLn   1.59 0.96   0.99 0.28 1.005 ii, iii 

4 BB  TB-AB         
5 FB   ABcbaAB  exp  0.025 0.089 0.003  0.68 3.4 0.98 i, ii 

19 SB   )()(exp AGLnbaLn   0.89 0.96   0.98 0.57 1.055 ii, iii 

7 LHR  AB-SB         
Slow growing broadleaves 
20 AB H>3.0m 














246872c

c

DBH

DBHb
a  

0.08 25000 2.5 246872    iv 

21 AB H<3.0m bHa  0.031 1.72   0.84 0.88 0.91 i, ii 

22 BB   bDBHLna  )(exp  1.509 0.284      iv 

23 FB DBH>10cm bDBHa )10(   0.009 1.47   0.96   v 

24 FB DBH<10cm 3.0AB      0.78 1.2 0.79 i, ii 
25 SB DBH>19cm bDBHa )10(   0.0002 2.5   0.97   v 

26 SB DBH<9cm 

4.1

BBAB 
 

       BEF 

7 LHR  AB-SB         
Slow growing broadleaves 
20 AB H>3.0m 














246872c

c

DBH

DBHb
a  

0.06 25000 2.5 246872    iv 
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Eq Function Range Equation Coefficients r2 RMSE Slope Source 
    a b c d     
21 AB H<3.0m bHa  0.031 1.72   0.84 0.88 0.91 i, ii 

22 BB   bDBHLna  )(exp  1.509 0.284      iv 

27 FB DBH>3cm cDBHba   0.375 0.0024 2.517  0.90   vi 

28 FB DBH<3cm 3.0AB      0.78 1.2 0.79 i, ii 
29 SB DBH>35cm bDBHa  0.0001 2.535   0.97   v 

30 SB DBH<9cm 

4.1

BBAB 
 

       BEF, vii 

7 LHR  AB-SB         
i. National research harvested tree database (COFORD funded project CARBiFOR) 
ii Black et al., Biomass equations for modelling C dynamics in Irish forests (in prep) 
iii Forest Research pulled tree database (Brice Nicholl, NRS, Forest Research, UK) 
iv Brown S (2002) . Measuring carbon in forests: current status and future challenges. Environmental Pollution 116: 363-372. 
v. Johansson, T. Dry matter amounts and increment in 21-to 91-year-old common alder and grey alder some practical implicatons. Canadian 
Journal of Forest Research 29 1679-1690. 
vi. Bartelink, H.H., Allometric relationship for biomass and leaf area of beech (Fagus sylvatica L). Annals of Forest Science, 1997. 54: p. 39-50. 
vii. Black K., Tobin B., Saiz G., Byrne K. & Osborne B. (2004). Improved estimates of biomass expansion factors for Sitka spruce. Irish Forestry 
61: 50 –65. 
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Appendix 1B: CARBWARE growth models and pre-processing functions 

The NFI permanent plot sampling procedure does not sample all trees in a plot (see 
Figure 11.4). Therefore, it is not possible to derive productivity index information, such 
as Height index or Yield class, which can be used to drive conventional stand based 
productivity models. The alternative and most statistically valid procedure adopted was 
the use of single tree models, to simulate tree growth between NFI cycles. These models 
can be cross-validated and re-parameterised once a repeat NFI cycle is completed. This 
section discussed the development of the CARBWARE growth model from draft versions 
for submission to International, peer reviewed Scientific Journals. 
  
Pre-processing functions 
 

Validating generalised diameter-height models for several species 

and heterogeneous crop structures  

Introduction 

Forest inventory datasets usually contain many more measurements of diameter at 
breast height (1.3m, DBH) than tree height (H). This practice often comes about 
because it is easier to measure DBH than H, and because it may be assumed that 
the DBH-H relationship can be modelled and unmeasured heights predicted with 
that model. A common forest inventory approach to DBH-H modelling is to use 
single parameter Chapman-Richard models based on species and plot specific 
predictions (Wykoff et al., 1982). However, Chapman-Richards and similar 
functions are problematic when used as generalised models because the solved 
function approaches the asymptote too rapidly, particularly when there is a weak 
relationship between DBH and H in larger trees and across different sites 
(Temesgen and von Gadow, 2004).  

The height-diameter relationship can vary between individual trees in a dataset 
due to competition, structural allocation variations across different silviculture 
management types (Cameron and Watson, 1999), or variations in site conditions, 
such as degrees of exposure (Brüchert and Gardiner, 2006). Distance independent 
DBH-H models fitted on the scale of the tree –  incorporating information on tree 
size, inter-tree competition and site differences – have been successfully used to 
describe variations in height across sites varying in respect of environmental and 
competitive conditions (Monserud and Sterba, 1996; Temesgen and von Gadow, 
2004; Uzoh and Oliver, 2006)).  

In Ireland, there is an increasing need to develop individual tree growth models 
and height-diameter functions to facilitate the projection of volume or carbon 
stock changes using the National Forestry Inventory (NFI, 2007). Projections and 
annual interpolation of tree diameter and height between repeated inventory 
cycles are particularly relevant for reporting annual carbon stock changes to the 
United Nation Framework Convention on Climate Change. In this context, height-
diameter functions are required to derive height estimates from individual tree 
diameter increment models, such as those described by Monserud and Sterba 
(1996). 

Temesgen and von Gadow (2004) derived nonlinear regression models that 
estimate height of individual trees in a stand or plot as a function of DBH, using 
covariates of competition proxies that are calculated without using the spatial 
coordinates of trees in the stand or plot (i.e. age and distance independent 
models). They found that using these competition covariates produced DBH-H 
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models with improved accuracy of prediction, compatibility among the various 
estimates in a growth and yield model, and maintained projections within 
reasonable biological limits. 

In this study, we used a heterogeneous database pertaining to experimental 
plots to investigate if the inclusion of these described competition variables can be 
incorporated to accurately predict, with no bias, variations in height across a wide 
range of species, sites and silvicultural management regimes. For our DBH-H 
model we followed the approach developed by Temesgen and von Gadow (2004) 
who described competition using plot density (DENS, trees ha-1), plot basal area 
(BA, m2 ha-1), and basal area in larger trees (BAL, m2 ha-1). Unlike those authors, 
we incorporated random site effects as well. The performance of these models was 
assessed using a randomly sampled, independent and external dataset. We also 
assessed the performance of these models in mixed species stands, such as the 
Sitka spruce and southern provenances of Lodgepole pine mixture on planted 
blanket peats in Ireland.  
 
Methods 
Datasets for model development and validation 
We here describe the relevant aspects of the data in our study. Interested readers 
will find additional detail pertaining to the dataset in Broad and Lynch (2006a). 
The data in our study were obtained from Coillte Teoranta's permanent sample 
plot record system. The dataset contains records from many silvicultural and 
thinning trials established during the period 1963 to 2001. The trials were initially 
established in the 1950’s as replicated experimental designs with consecutive 
measurements typically made every five years. DBH was typically measured for 
all trees on all measurement occasions. In each permanent sample plot, between 
10 and 20 tree heights (depending on plot size) were selected on the basis of the 
DBH distribution and measured on the plot to derive a mean height for each plot. 
The experiments were laid out in plots (varying from 0.01 to 0.21 ha) and plot 
stocking was known with certainty at the time of each measurement.  

The permanent sample plot (PSP) trials were set out in ca. 2900 permanent 
sample plots with various species and silvicultural treatments, including thinning, 
spacing and pruning. The dataset used to develop the models described here (the 
calibration dataset) contained 1170 permanent sample plots. Data from plotswere 
excluded wheresimultaneous measurements of DBH and H were missing. In 
addition, all pruning experimental data were excluded from the parameterization 
dataset. 

Plots used for thinning and spacing experiments were included in the dataset 
(Tables 2 and 3). The thinning treatments contained in the dataset included (Table 
3): no thinning (NTH), no thinning with removal of dead trees (NLT), line 
thinning (1st cycle) and successive selective thinning (LS), selective thinning 
(SEL), systematic thinning, including thinning before canopy closure (SYS), 
thinning of dominant trees (DOM). Thinning intensity was generally constant 
across all treatments, using a moderate intensity prescription at the time before the 
marginal thinning intensity concept was introduced by Edwards and Christie 
(1981). Thinning intensity was also investigated in a small set of experiments 
(Gallagher, 1966, 1969, 1972; Gallagher et al. 1987) where heavy, light and 
moderate thinning were applied based on the Forestry Commission A-D thinning 
grades. These thinning grades were based on prescriptive stocking by height or 
age class, or a relative proportion of basal area at the time of thinning (Gallagher 
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1969, 1972). We did not categorise the data into plots of different thinning 
intensities because these were documented in the PSP database. 

External independent data were used to validate the fitted models. These data 
came from a cross sectional sample in 2003 of plots within Coillte production 
stands (Broad and Lynch, 2006a). Such cross sectional comparisons are 
particularly useful for assessing inter-plot bias due to a more randomized 
sampling approach in the validation dataset. These sample plots comprised 
thinned and un-thinned stands which had been initially planted at a spacing of 
2500 stems ha-1 for coniferous species. External validation data were not available 
for all species.  

Site to site variations in the relationship between height and diameter are often 
well described by inclusion of dependent variables such as aspect, slope or 
exposure (Uzoh and Oliver, 2006).  These data are not always captured in sample 
plot databases, and so cannot be included as dependent variables in the model. 
These variables were not included in our dataset, so we accounted for plot-to-plot 
variability with a site variability parameter (Equation 1) in a mixed-effects model 
(McCulloch et al., 2008). 

In Tables 1 and 2 we describe relevant facets of the dataset, showing the 
variety of species (Table 1),  height (H) and diameter at breast height (1.3m, 
DBH) distributions and illustrate the two main features of the repeated sampling 
structure of the dataset (Table 2). These tables show the number of repeated 
measurements on individual trees, which varies between 1 and 18, classified on 
the basis of silvicultural treatment and species. They also show the degree to 
which repeated H measurements on sample trees occur less frequently than their 
repeated DBH measurement counterparts. Table 3 explains the heterogeneity of 
experimental treatments present in the dataset, in terms of different thinning 
intensities and planting spacing distances, for Sitka spruce and Lodgepole pine. 
All the other species were insufficiently represented in the dataset to allow a 
comparison of different silvicultural regimes.  
 
Nonlinear mixed-effects model 
As noted earlier, series of consecutive height measurements for individual trees 
were much shorter on average (e.g. Series mean ≈ 1) than series of consecutive 
DBH measurements (Table 2). Such short series made it unfeasible to 
parameterise the DBH-H models at the level of the individual tree, e.g. to estimate 
tree-specific coefficients for each tree in the dataset. The parameters of the model 
equation that was initially fitted to each species in turn is given in Equation 1. 
This equation corresponds in most respects to Model 7 from Temesgen and von 
Gadow (2004), but differs slightly on account of the inclusion of a plot-level 
random effect related to the asymptote. 
 

)).exp(1)(...()|( ).( ijkbal BALcc
ijkijkbalijkdensijkbaiiijk DBHbBALaDENSaBAaauuHE   [1] 

 
In Equation 1, plots, trees and measurement occasions are indexed by i, j, and k, 
respectively. E(.) is the expectation operator. Equation 1 shows the modelled 
mean of a conditional Gaussian distribution with mean zero and variance σ2

e  

(Table 4). Symbolically, the terms in the model equation are interpreted as 
‘coefficient.variable’, i.e. aba is the coefficient of the variable BA, and so on. The 
plot level random effect ui ~ Gaussian(0, σ2

u) accounts for correlations between 
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consecutive measurements on the same plot (McCulloch et al., 2008) as well as 
quantifying inter-plot variability. The model in Equation 1 represents the 
culmination of extensive model-fitting attempts not shown here. For example, we 
tried introducing further parameters to describe correlation and inter-subject 
variability, i.e. inter-tree variance parameters, but these models were not an 
improvement on Equation 1.  

The b Parameter is a priori negatively valued (Table 4) so the model equation 
realistically represents the shape of the empirical DBH-H relationship. The 
estimated asymptote for trees in the ith plot as DBH tends to infinity, all 
covariates having been set to zero, is given by a + ui. Models were fitted to each 
species dataset separately using the algorithms in the SAS NLMIXED procedure 
(SAS, 2008). Parameter estimates are given in Table 4. The lattice library in R 
v2.10.1 was used to produce the graphical summaries (Sarkar, 2010). 
 
Results 
The parameter values of the best-fitting models are given in Table 4. There are 
empty cells in that Table that mean that those parameters were either not 
statistically significant (at significance level α = 0.05), or that the model did not 
converge with that parameter included, or that the fitted parameters were 
inconsistent with the results obtained by Temesgen and von Gadow (2004). We 
set the significance level for model selection at α = 0.05 but parameters were 
typically significant at several orders of magnitude below this level. For some 
species, i.e. Common Ash, the inter-plot variance parameter was not statistically 
significant but was retained in the final model because, while its inclusion did not 
affect the estimated values of the coefficients of the other covariates, we 
considered it desirable to include inter-plot variability in the estimates of the 
standard errors of the coefficients.  
 
External validation 
External validation data was available for a subset of the species grown in pure 
plots: Douglas Fir, Lodgepole Pine, Norway Spruce, Scots Pine, and Sitka Spruce. 
We present comparisons of the external validation data and modeled data in Table 
5. We also show the empirical distribution of the external validation residuals in 
Figure 1. 
 
Mixed plots 
RMSE and Bias for intimate mixtures of Lodgepole pine and Sitka spruce are 
presented in Table 5. There were few mixture plots present in the dataset, and no 
consecutive height measurements were present in the data on the mixture plots. 
There were a total of 185 height measurements from nine mixed Lodgepole pine 
and Sitka spruce plots. As such, the results pertaining to mixtures in Table 5 are 
given in the interest of completeness, rather than as a conclusive or extensive 
analysis of DBH-H relationships in mixed-species plots. 
 
Management and thinning effects 
The dataset consisted of experimental data from many different types of 
silvicultural and thinning trials (Table 3). We present smoothed density estimates 
of the empirical residual distributions for these trials in Figures 3a and 3b. In 
general, all experimental types were modelled in an unbiased way, and the 
residual distributions are symmetrical around zero. 
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 Figures 4a and 4b and Table 5 shows that the Lodgepole pine model was more 
accurate than the Sitka spruce model. We note that the difference in species 
models is most pronounced in plots where both spacing and selective thinning 
occurred and where the spacing levels vary across plots (cf. the Sxx panels in 
Figure 3b). There is some evidence that the models for each species performed 
best at intermediate spacing levels, both in thinned and non-thinned plots (Figure 
3b). In both Lodgepole pine and Sitka spruce, accuracy was higher in plots where 
spacing occurred than where both spacing and selective thinning occurred 
(compare the rows in Figure 3b).   

We investigated potential residual plot size effects in the residuals and found 
none. Residuals plotted against DBH and BAL for all species tested similarly 
showed no correlation (data not shown). However, it was evident (Figure 2) that 
height was overestimated in Sitka spruce stands with a low stocking density (ca. < 
200 stems ha-1 residuals were greater than 5 m). Residuals derived from validation 
plots with stands of a stocking density below 200 stem ha-1 are more likely to 
been artifact of differences in the respective ranges of the DENS variable in the 
fitting and validation data. 
  
Discussion 
Many previously published DBH-H models have not been validated against an 
independent (external) dataset to investigate the presence of sampling bias in the 
model parameterisation dataset as we have done here. This issue was also 
highlighted by Broad and Lynch (2006b). Prediction models tend to perform 
better on data on which the model was constructed than on new data. This 
difference in performance is an indication of the optimism in the apparent 
performance in the derivation set. For internal model validation, bootstrapping 
methods are recommended to provide bias-corrected estimates of model 
performance. Results are often accepted without sufficient regard to the 
importance of external validation. This paper acknowledges the limitations of 
internal validation and incorporates an external validation to demonstrate the 
potential generalisability of a diagnostic prediction model to future settings or 
independently sample data. 

Temesgen and von Gadow (2004) defined generalised DBH-H models as 
equations that predict tree heights using information on both individual tree DBH 
and plot or stand level information, such as stand basal area or plot density. 
Individual-tree distance-independent DBH-H models that do not incorporate 
information on the plot make the implicit assumption that competition (as 
measured on the scale of the plot/stand by DENS, and BA, and on the scale of the 
tree by BAL) does not affect the DBH-H relationship over the lifetime of a tree 
that is subject to management influences, e.g. spacing and thinning. Plot-specific 
DBH-H models, that do not condition on plot/stand covariates, are often fitted by 
a multi-step approach wherein separate DBH-H relationships for each plot are 
fitted. Competition effects are thus at best implicitly described by the variation in 
each plot-specific fitted parameter.  

Generalised models typically perform better on plots that are near the centre of 
the sample space/dataset rather than plots subject to relatively atypical 
management conditions. Generalised models tend to borrow strength across 
plots/stands, meaning that issues related to data sparseness on individual plots are 
mitigated. 

A plot-specific approach can encounter problems if data for a given plot is so 
sparse as to not support model fitting. When this occurs in practice, parameters 
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are sometimes pinned at their generalised values and the remainder estimated with 
what plot-specific data there are. If there are many such plots in the dataset this 
process can be tedious. 

We modelled inter-plot variability through a plot-specific random effect related 
to the asymptote using mixed-model technology (McCulloch et al., 2008). This 
model feature forms a logical link between generalized and plot-specific models 
because plot-specific parameters are estimated for plots where sufficient data 
exists (the ui terms in Equation 1.) The resulting model equation, if there is an 
estimated plot-specific effect, predicts for a specific plot. To predict for plots not 
included in the dataset, or for those plots with insufficient data for plot-specific 
effect estimation, we set ui = 0. The mixed model approach used also imposes a 
common correlation between each measurement on a given plot, and observations 
on different plots are independent. More complex correlation models did not 
improve our model and the selected final models fulfill our goal of finding 
individual-tree, age- and location-independent, prediction equations that can be 
used for each species for plots at any stage in their lifecycle under a wide variety 
of management regimes.  

The mixed-effects model framework enables the user to estimate parameters 
for potentially complex datasets with hierarchical samples and groups. For 
example, we might have approached our modeling task with species-specific 
random effects models that also incorporated plot-specific effects. Such a 
nonlinear model with multiple groups and levels of hierarchy is very complex, as 
is model-fitting and parameter selection, particularly for very large datasets as we 
had. Within our framework we tested for other the potential for other parameters 
to vary between plots, i.e. the b and c parameters in Equation 1, but did not 
improve our final model. We suggest that all this points to the overlap between 
the competition proxy variables, BAL etc., and plot-specific effects that 
essentially “mop up” residual variability. That random b and c parameters were 
not statistically significant given the prior presence of competition variables is an 
indication that the competition covariates account for residual inter-plot 
variability. By extension, the significance of the random asymptote term, indicates 
a potential shortcoming of those same covariates. 

Table 5 shows that RMSE is typically higher for the validation data than the 
calibration data. The Bias/RMSE ratio increases dramatically for Sitka spruce. 
This is a due to a combination of reasons, primary among them being the different 
distribution of plot density values in the calibration and validation datasets. In the 
validation dataset, the median plot density of Sitka spruce plots is 900 trees ha-1, 
compared with 1600 trees ha-1 in the calibration dataset. The Bias/RMSE ratio for 
the upper 50% values in the validation data is only 6%. Therefore, the increase in 
the ratio can be seen to be largely due to an inflation in the bias value caused by a 
mismatch between the calibration and validation data, given that the RMSE for 
the Sitka spruce validation dataset is of the same order of magnitude as it is for the 
other species. The susceptibility of the model to this kind of mismatch is 
illustrated in Figure 2, where external validation residual associations with the 
covariates are shown for Sitka spruce and Lodgepole pine. This phenomenon also 
partly derives from the inclusion of an asymptote in the model, because mature 
stands usually contain tall trees at low densities, and it is in that region of the 
sample space that the fitted curve begins to level off towards the asymptote. This 
feature is observable in the fitted data also, but at a smaller magnitude than when 
the model is used “out of sample”. We believe that a constant asymptote is 
necessary in the model so that out of sample predictions are robust, in the sense 
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that out of sample predictions can potentially become negative without a constant 
asymptote term.   

In the case of Larch, the random asymptote model (Equation 1) did not 
converge. To achieve convergence we could have either omitted the asymptote 
constant (parameter a) from the model, or omitted the inter-plot variance 
component (parameter σ2

u). If the model equation does not have a constant 
parameter (i.e. parameter a) implausible model estimates of values less than zero 
can arise. We omitted the inter-plot variance component in our final Larch model. 
For completeness, we note that the estimated inter-plot variance parameter for the 
model fitted without the constant term (parameter a) was 41.87 (s.e. 6.2). This is 
large compared to the majority of the estimates of inter-plot variability presented 
in Table 4. However, the estimated values of this parameter are not directly 
comparable across different species because they are conditional on different 
subsets of covariates being included in the models.  

The significance or otherwise of the inter-plot variation (as measured by the 
parameter σ2

u in Table 4) in Larch and Norway spruce may be related to species 
specific responses to exposure (Horgan et al., 2004; Ray et al., 2009). Larch and 
Norway spruce are generally considered as very intolerant to exposure (Horgan et 
al., 2004), typically showing a marked reduction in the slenderness ratio, i.e. the 
ratio of DBH to H (Wang et al., 1998; Brüchert and Gardiner, 2006). In contrast, 
Lodgepole pine and Douglas fir are considered to be more tolerant to exposure 
(Horgan et al., 2004; Ray et al., 2009), and exhibit relatively lower inter-plot 
variability (Table 4).  

The mechanism for species specific variations in the interplot-variability in the 
relevant DBH-H models is not transparent, in the sense that we cannot link it 
definitively to variables that quantify such differences, such as exposure or aspect, 
because we do not have such information. However, if additional information 
describing varying plot and site conditions is available, such as site slope, altitude, 
exposure or  aspect, it can be incorporated in the model also (e.g. Uzoh and 
Oliver, 2006; Monserud and Sterba, 1996) or compared with the individual plot-
effect estimates. 
 
Summary 
We fitted a generalised DBH – H model incorporating covariates pertaining to 
tree size and competition to a dataset that encompasses a wide range of 
silvicultural management conditions and tree species. We post-stratified the 
dataset into its constituent species and experiment-type groupings and examined 
the model fit. We also used an external validation dataset to examine model fit. 
We found that the generalized model performs well in the vast majority of cases 
although. Future work may investigate the incorporation of variables that describe 
site-specific conditions and how such models might relate to the relatively more 
empirical mixed model approach implemented here. 
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Figures and Tables 

Table 1. Details of species sampled in PSP database and the grouping of species 

or provenances in modelling exercise. Note, both Larch species were grouped 

together. 

Species common name  Binomial name  Provenance (if known)  
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Common alder  Alnus glutinosa L.   
Common ash  Fraxinus excelsior L.   

Douglas fir  
Pseudotsuga menziesii 
(Mirb.) Franco  

Washington and coastal 
provenances  

Japanese larch  
Larix kaempferi Fortune ex 
Gord.   

 Larix decidua Mill.   

Lodgepole pine  Pinus contorta Loud.  
South and north coastal 
provenances  

Monterey pine  Pinus radiata D. Don   
Norway spruce  Picea abies Karst.   
Pedunculate oak  Quercus robur L.   
Scots pine  Pinus sylvestris L.  Scottish  

Sitka spruce  
Picea sitchensis (Bong.) 
Carr.  QCI  
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Table 2. Summary of the dataset, showing range of DBH and H value measurements (Value) and summary statistics on counts of series length for 

consecutive H and DBH measurements on individual trees. Also shown is the number of plots and trees stratified by species. 

Species   
Common 
Alder 

Common 
Ash  

Norway 
spruce 

Douglas 
fir 

Montere
y pine  

Sitka 
spruce  

Pedunculate 
oak 

Japanese 
larch  

Lodgepole 
pine  

Scots  
pine  

DBH Value 
(cm) 

min  3.1 7 2.6 5.3 7.6 4.3 9 7.1 4.4 7.4 
max  29.9 15.1 46.7 50.8 38.7 91.2 33.5 38.3 37.7 38.9 
mean  14.6 10.3 18.1 15.01 17.3 19.2 17.5 21.9 14.1 17.8 
sd  4.9 2.1 6.5 5.9 6.7 8 6.1 5.1 4.3 5.3 

DBH (nos. of 
measurement
s per tree)  

min  1 2 1 1 5 1 4 1 1 1 
max  4 3 16 14 6 18 5.4 6 11 14 
mean  2.8 2.79 7.8 3.85 5.9 7.3 6 5.5 4.3 9.1 

Height Value 
(m) 

min  3.5 8.5 5 3.8 7.5 3.3 8.8 6.1 1.9 7.7 
max  16.6 17.1 26.8 33.6 17.2 47 16.5 26.4 22.5 22.2 
mean  10.4 13.2 14.4 12.3 11.3 14.9 13.7 17.2 10.1 15.4 
sd  2.6 1.8 3.9 3.9 2.7 5.7 1.8 3.1 2.8 2.3 

Height (nos. 
of 
measurement
s per tree) 

min  1 1 1 1 1 1 1 1 1 1 
max  2 1 3 3 2 6 1.1 2 3 5 

mean  1.1 1 1.1 1.1 1.1 1.2 2 1.01 1.1 1.14 
Nos. of plots   32 12 71 98 1 424 1 98 415 18
Nos. of trees   254 71 1288 1239 10 5631 10 969 4959 417
 
 
 
 



 

Table 3. The number of trees of either Sitka spruce or Lodgepole pine classified by 

plot treatment. DOM = Dominant trees removed in early thinning, LS = line selection 

first thinning, Nxx = no thinning at planting spacing of xx feet, NLT = only dead trees 

are removed, NTH = no thinning, Sxx = selective thinning at planting spacing of xx 

feet, SEL = selective thinning, SYS = systematic thinning. Explanatory Note:  total 

number of observations exceeds the number of trees (cf. Table 2) because of repeated 

measurements. 

 Sitka spruce Lodgepole pine 
Treatment  No. Observations No. Observations  
DOM  143  
LS  520 718
N04  350 278
N06  112 347
N08  159 573
N10  607 466
N12  275 291
NLT  283 41
NTH  2036 1080
S04  327 416
S06  278 353
S08  278 379
S10  150 282
SEL  4219 1661
SYS  5976 1580

 
 

Table 4. Estimated model parameters significant at least at α = 0.05. Parameter 

symbols are explained in Equation 1 and related text. 

Species  Parameter 
 a aba adens abal b c cbal σ2

u σ2
e 

Common alder 10.9 0.18 -0.0008  -0.13 0.813  2.3 1.008 
Common ash 13.3 0.14   -0.18   0.016 0.99 
Douglas fir  11.25 0.34 -0.001  -0.07   2.9 1.94 
Japanese larch 19.6 0.17 -0.003  -0.07    3.94 
Lodgepole pine 11.1 0.11 -0.001  -0.11   3.9 1.04 
Monterey pine 19.7   -0.098 -0.06    1.9 

Norway spruce  
34.5 0.33 -0.003  -0.07 0.6  31.04

1.18 
 

Pedunculate oak 6.3 0.29  0.05 -0.17    0.96 
Scots pine 26.2  -0.003  -0.16 0.7  6.7 1.2 
Sitka spruce  12.7 0.26 -0.002 -0.003 -0.07   12.1 2.2 
 
 



 

Table 5. Measures of model performance based on the fit to the data and external 

validation data.  
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where iĤ denotes 

height (meters) predicted by the model, p represents the model dimension and  n = the 

total number of times in a given species dataset that DBH and H were measured on 

the same tree at the same measurement occasion. Validation data were not available 

for all species. 

Species Fitted data 
Validation data (where 

available) 

 Bias RMSE 
Bias/RMSE 

(%) Bias RMSE 
Bias/RMSE 

(%) 
Common alder  -0.0006 0.99 -0.06    
Common ash  0.002 1.1 0.18    
Japanese larch  0.005 1.99 0.25    
Lodgepole pine 0.009 0.99 0.9 -0.004 2.3 0.2 
Lodgepole pine 
(in mixture with 
Sitka spruce) 

0.0025 1.87 0.13    

 Scots pine -4.39E-05 1.11 0.004 -0.04 1.2 0.3 
Norway spruce 0.003 1.1 0.3 -0.48 2.5 1.92 
Douglas fir 0.05 1.4 3.6 0.005 3.1 0.16 
Monterey pine 0.03 1.6 1.9    
Sitka spruce 
(pure stand) 

0.04 1.5 2.7 1.8 3.8 47 

Sitka spruce (in 
mixture with 
lodgepole pine) 

-0.006 1.74 0.34    

Pedunculate oak -0.0006 1.2 0.05    
 
 

 



 

 

Figure 1. Smoothed empirical frequency distributions of external validation residuals 

(Actual height - Predicted height). 

 



 

 
 
Figure 2 : External validation residuals from the Lodgepole pine and Sitka spruce 
models plotted against a subset of covariates. Note, not all covariates shown here were 
included in the final models (cf. also Table 4). Scale varies among panels. DENS is 
plot density (trees ha-1), BA is plot basal area (BA, m2 ha-1), BAL is basal area in 
larger trees (BAL, m2 ha-1).  
 
 



 

 

Figure 3a. Classifying fitted-data residuals by experiment type and treatments applied 

to plots. Only Lodgepole pine (broken line) and Sitka spruce (continuous line) are 

shown because they are most abundant species in the dataset. Data depicted relates to 

thinning experiments treatments, where “NTH” denotes  unthinned plots, “SEL” 

denotes selective thinning treatments, “SYS” denotes systematic thinning, “DOM” 

denotes dominant tree removal, “LS” denotes line and selective thinning plots, and 

“NLT” denotes removal of dead trees only. See also Table 3. 

 
 
 



 

 

Figure 3b. Classifying fitted data residuals by experiment type and plot management 

types. Only Lodgepole pine (broken line) and Sitka spruce (continuous line) are 

shown because they are most abundant species in the dataset. Data depicted relates to 

spacing and thinning experiments. The top row shows selectively thinned plots at an 

initial spacing of (from left to right ) 4 , 6 , 8  and 10 feet. The bottom row shows non-

thinning treatments at an initial spacing spacing of (from left to right) 4 , 6 , 8  and 10 

feet. 

 
 
 

Appendix 1C: Growth modelling 

I) Modelling diameter increments in Irish Forests 
 
Introduction 
 
The modelling approach adapted in this version of CARBWARE v5 is the use of diameter 
increment models for all trees with a DBH greater that 5cm. This model in a distance 



 

independent individual tree growth model parameterised on Coillte permanent plot data 
recorded every 4 to 6 year since 1954 to 2003. Theses include pure and mixed species stands 
at establishment planting densities of 5000 to 1000 trees per ha and with different thinning 
treatments. The advantage of using a single tree growth model and the nature of the 
parameterisation data set is that different silvicultural regimes and species mixtures can be 
handled by one generalised modelling framework. In addition, the application data set, i.e. the 
data from which models will be run, does not contain explicit complete longitudinal data 
representing stand variable, which are used in conventional growth models.  
 
Data operations 
 
Two datasets are referred to, Coillte permanent sample plot (PSP) and NFI. Some of the data 
operations referred to below differ between these because the former has complete 
enumeration on a plot and is longitudinal, the latter samples from the plot and is cross-
sectional.  
 
In general, the modelling framework that we base our work on, PrognAus (see various 
references below), informed the types of data operations required. The framework involves, 
using their terminology, site, competition and size variables. Our focus was on the latter 
variables, and site or plot effects were accounted for using mixed model methods, whereby 
plot or site effects are random, blocking, effects, rather than effects whose levels have 
physical dimension. In any case, site or plot effects are not a feature of the growth simulator. 
Furthermore, incomplete enumeration of certain independent variables meant that random 
effects were difficult to estimate because of the sparse data. We can illustrate that elsewhere 
but such detail is not relevant to the CARBWARE software manual. 
 
The variables described here are those that feature in the diameter increment model that we 
aim towards calibrating : 
 
Dinc(cm) = exp(a0 + a1lnDBH + a2DBH2 + a3.lnCR + a4.lnCCF + a5.BAL) 
 
See Table 3 and the text for explanation of symbols. 
 
Data operations were concerned with assembling datasets of the variables used in the growth 
model, insofar as was feasible. Below, we describe any substantive data operations that were 
performed on the variables of interest. We exclude from this description any operations 
related to “data cleaning”. The main data cleaning result was to omit negative diameter 
increments from the dataset. Such omissions were made after such derived variables as BAL, 
BA and plot density were calculated. That decision was based on the fact that the omission 
did not have a significant impact on the results, which suggested that no further modelling 
was necessary to compensate for the omission. Also, if the trees involved were omitted prior 
to the calculation of derived variables, those variables would have been subject to an even 
greater bias. 
 
Table 3. Explanation of some symbols used in the text. 
 
Variable Formula Scale of measurement 
CR Crown length/height Range (0,1) 
DBH Diameter at 1.3 m Cm 
Crown competition 
factor (CCF) 

 The “open-grown” (e.g. if 
every tree had zero 
competitors) crown area of all 
trees in a plot expressed as a 
percentage of plot area. 

Percent 



 

BAL A function for each plot that 
takes as its argument any tree’s 
rank in the diameter 
distribution ordered from 
smallest to largest and returns 
the combined basal area of all 
trees with higher rank. 

M2 ha-1 

BA Plot basal area. M2 ha-1 
Annualised 
diameter increment 
(Dinc) 

(DBH(t+1)-DBH(t))/([t+1] –  
[t]). DBH(t) stands for “DBH 
on the occasion of the tth 
measurement”. Since 
measurment intervals vary, 
this implies that [t +1] – [t]  = 
1 is not necessarily true, hence 
the use of the term 
“annualised”.  
 

cm 

 
. 
Open-grown crown width (cw), is an intermediary varible in the calculation CCF. We 
estimated cw using equations derived by Hasenauer (1997). These equations return open-
grown crown width in metres. Hasenauer (1997) derived species-specific equations that we 
apply in approximation to cohorts,  
 
Spruce     :  cw = exp(-0.3232)*((DBH)0.6441) 
Other conifers    :  cw = exp( 0.092) *((DBH)0.538) 
Pine      :  cw = exp(-0.1797)*((DBH)0.6267) 
Larch      :  cw = exp(-0.3396)*((DBH)0.6823) 
Slow-growing broadleaves   :  cw = exp(-0.3973)*((DBH)0.7328) 
Fast-growing broadleaves   :  cw = exp( 0.1366)*((DBH)0.6183) 
 
(where a circumflex denotes exponentiation.) 
 
Open grown crown area (m2) = (0.25)*(3.141593*cw2) 
 
NFI and PSP datasets differed primarily in the fact that PSP plots were fully enumerated, 
whereas NFI plots were sampled. The sampling method, in conjunction with an assumption of 
homogeneous spatial diameter distribution, informs the calculation of a sampling weight or 
expansion factor which is used to allow for the possibility that some trees on a given plot 
were not sampled. The expansion factor is inversely proportional to the prior probability of a 
given tree’s inclusion in the sample, based on the trees diameter class. Each tree in the sample 
is thus duplicated by a number of times equal to its expansion factor. This duplication is 
allowed for when calculating plot-level derived variables, e.g. Density, by incorporating the 
expansion factor into the equations. For example, the estimated number of trees on a plot with 
a single sampled tree of 8cm is (12.62/3)2. See Figure 8 for an explanation. 
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E(Dinc)    = EXP(-1.3466 + LN(DBH)*0.741 - 0.001*DBH2 + LN(CR)*0.998 - 
0.00066*CCF - 0.00417*BAL) 
SGB 
E(Dinc)    = EXP(-2.5897 + LN(DBH)*0.7534 - 0.00068*DBH^2 - 0.0006*CCF - 
0.00979*BAL) 
Spruce 
E(Dinc)    = EXP(-1.8628 + LN(DBH)*0.9456 - 0.0005*DBH2 + LN(CR)*1.1639 - 
0.000638*CCF-0.00273*BAL) 
 
Uncertainty: 
In this section we look at various measures of the performance for the different models 
discussed above. The performance measures quoted give rough ideas about how the models 
perform. It should be noted that performance can be improved somewhat by including plot 
and site effects but since these are problematic for extrapolation from PSP to NFI, they were 
omitted from the Dinc model. They were also omitted from within NFI imputation models, by 
which we mean imputation models calibrated on NFI data, for similar considerations. They 
were not omitted from PSP-specific models. 
 
 
We looked at the performance of the various models – DBH-H, CR, Dinc – for the two 
datasets. Some measures we could have used, that are used by Thurig et al (2005), for 
example, are accuracy, precision, and excess  error, calculated as follows.  
 
Accuracy : ((Σ(predicted-observed)/n)*100)/m. Where m is E(obs), and n is the number of 
observations. 
Precision : SD(pred-obs) 
Empirical Excess error (%): ((1-Sec)/Sei)*100. Where Sec is the precision of the calibration 
data, and Sei the precision of the independent data. 
Theoretical Excess error : (1/n)[Σ(pred(-1)-obs)2- Σ(pred-obs) 2 ]. Where pred(-1) is the leave 
one out prediction error 
 
Note that empirical excess error is only viable when doing external validation. 
 
Temesgen and von Gadow (2004), for example, use root mean squared error (RMSE) and 
Bias to evaluate their models. 
 
Bias : (Σ(pred-obs)/n) 
RMSE : √( Σ(pred-obs) 2/n-p). Where p is the number of parameters in the model. 
 
Another measure is mean absolute error (MAE). 
 
MAE : Σ |pred-obs|/n 
A certain amount of model selection was done, as noted above, when fitting the models to the 
data in the first place. This ensures that the fitted models are the most parsimonious to 
minimise residual error. However, model performance is best evaluated by external validation 
or, failing that, some cross-validation. We conduct leave-k-out cross validation on the Dinc 
calibration data. MAE and RMSE are calculated for each cross-validation dataset replicate. 
External validation data was only available for the PSP DBH-H model, and that is discussed 
in another document. 
 



 

 
 

 
 
Figure 9. Within-sample Precision (upper panel) and Bias (lower panel) for imputation. 
Values are plotted for each dataset, for cohorts, and for models of Height and Crown ratio. 
 



 

 

 
 
Figure 9. Leave k-out crossvalidation results, precision (top) and mean absolute error 
(bottom) for the Dinc model. The probability of inclusion in the validation dataset is 0.33. 20 
cross-validation replicates are displayed. 
 
Discussion and conclusions 
 
The lines joining the points in Figure 8 are only included to facilitate a comparison between 
panels. The interpolating lines in Figure 9 are indicative of variability between the different 
cross-validation runs.  This variability is partly a function of data resources, i.e. the number of 
cases, and the size of the validation sample as a proportion of the number of cases. The low 
variability of Pine and Spruce, the cohorts with by far the most number of cases, reflects this. 
 



 

In Figure 8, the better performance of PSP versus NFI is partly a result of including such 
blocking effects as site and plot. This idea is also illustrated with more detail in the document 
on DBH-H modelling.  
 
From Figure 8, bias levels are low for both NFI and PSP. Pine and Spruce, the most important 
cohorts, are among the top performers. This partly reflects the better data resources for those 
cohorts.  
 
Taken together, these results can inform uncertainty/sensitivity analyses )to be completed in 
2011). 
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II) Modelling height increments for small trees 
 
Introduction 
Height growth for small trees is a driving developmental force as trees compete for light and 
vertical growing space. Because of this, the small-tree portion of CARBWARE is a height-
growth driven model; height growth is estimated first, and then diameter growth is predicted 
from height growth (see section B of this appendix E3). Equations used to predict small-tree 
height increment vary by species, variant, silvicultural practice and site type. Most single tree 
based models for young growth, generally use the same the same predictors as described for 
DBH increment models. However, the NFI data set provides little or no information on 
predictors for young tree height. The development of a H growth model for trees less than 1.3 
m to a maximum H of 2.3 to 5.1 m (i.e. the diameter at breast H, DBH) is described here. The 
model uses a empirical Chapman-Richards approach for different species with sub models for 
different height index ratios (i.e. mean H over age as proxy’s for young stand productivity and 
site factors).  
 
Methodology 
Modelling framework 
The model uses a empirical Chapman-Richards approach for different species with sub 
models for different height index ratios (i.e. mean H over age as proxy’s for young stand 
productivity and site factors).  
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where, xH is mean height of all trees in the NFI plot for the ith species and jth H index ratio at 
the determined age (n+1). The age of the forest (n) is obtained from the NFI stand attribute 
data. The partial coefficients (a) for each species and productivity class and goodness of f 
Once the new mean tree H (xHn+xHincn+1) is computed, the individual tree H is recalculated 
based on a scaling function: 

n
n

n
n H

xH

H
H 1
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where, Hn+1 is the individual H of the tree in the plot in the year following the NFI , Hn is the 
individual H in the year the last NFI was completed (2005), and xHn is the mean H of trees in 
the plot in the year the last NFI was completed. 
 
The Productivity class (H over age) categories were defined to match conventional yield class 
productivity indices (YCeq) as described by (Christy and Edwards, 1981). This was derived 
by comparison of Chapman Richard outputs from each H index ratio (HI) with static age-H 
tables at ca. 10 to 20 year old crops. 

 2min, ijij xHYCHHIYCeq   

where, YC eq is the HI equivalent to YC at the lowest least-squares different between the 
yield table H values (YCH) and the predicted mean height (xH see equation 1) for the ith 
cohort and jth HI. 
 
 
Selection of tree for H increment model 
All trees with no measurable DBH are selected for growth increment using the H model. The 
CARBWARE model also selects eligible trees to be grown using the H growth model based 
on cohort-specific threshold DBH values (Table 4). These are derived from analysis of the 
minimum DBH ranges suitable for the DBH increment model. The transition from the H to 
DBH increment model is based on the threshold H value which corresponds to the minimum 
allowable DBH value to be used in the DBH increment model (Table 4). If a tree has a larger 
corresponding DBH than the threshold value, it is grown using the DBH increment model.  
 
Table 4: Threshold minimum DBH values suitable for use din DBH increment model and 
corresponding cut-off H values used for H growth in small trees 
 
Cohort DBH threshold (cm) Corresponding H (m) 
Spruce 4 2.7 
Pine 4 5.1 
Larch 2 3.6 
Other conifers 4 3.1 
Slow growing Broadleaves (SGB) 2 4.2 
Fast growing Broadleaves (FGB) 2 3.2 
 
Datasets and measure of goodness of fit 
We used both the Coillte PSP and NFI individual tree data base to develop H-age curves 
(range 0.1 to 12 m). Data operations were concerned with assembling datasets of the variables 
used in the H model, insofar as was feasible.  
We looked at the performance of the various models –H-Age for different cohort for the 
combined datasets. Some measures we could have used, that are used by Thurig et al (2005), 
for example, are accuracy, precision, and excess  error, calculated as follows.  
 
Accuracy : ((Σ(predicted-observed)/n)*100)/m. Where m is E(obs), and n is the number of 
observations. 
Precision : SD(pred-obs) 



 

Empirical Excess error measures could not be performed because there was no external 
validation data set (Thirig et al., 2005). 
Bias : (Σ(pred-obs)/n) 
RMSE : √( Σ(pred-obs) 2/n-p). Where p is the number of parameters in the model. 
 
Results 
Fitted model parameters 
 
Table 5 shows the partial coefficients for each species and productivity class for the 
Chapman-Richards H-Age functions.  
 
 
 
 
 
Table 5 
Spruce cohort  
HI range YCeq    Precision RMSE Bias 
  a1 a2 a3    
>1.2 >24 1.02 5.59 2.04 1.8 4.69 0.32 
1-1.2 24 1.05 7.05 2.32 1.42 4.23 -0.23 
0.8-1 22 0.76 5.98 1.63 1.33 3.21 0.11 
0.6-0.8 20 0.66 5.51 1.33 0.66 2.55 0.56 
0.5-0.6 18 0.57 5.26 1.12 0.89 1.69 0.45 
0.4-0.5 16 0.53 5.35 1.47 1.11 3.66 0.32 
0.3-0.4 14 0.48 5.32 0.54 0.74 3.54 0.62 
0.2-0.3 12 0.44 6.59 2.20 1.53 4.53 0.24 
0.1-0.2 10 0.35 6.93 2.27 0.69 1.77 -0.43 
<0.1 <10 0.28 8.02 0.35 1.9 4.23 -0.7 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 

Appendix 1D: CARBWARE stand modification functions 

The NFI permanent plots structure is modified at each growth cycle iteration to simulate the 
losses associated with natural mortality and harvest. This section discusses the development 
of the CARBWARE modification functions from draft versions for submission to 
International, peer reviewed Scientific Journals. 
  
I: Mortality models 
Introduction 
In the general context of forest growth models, and at the most basic level, the tree mortality 
module's role at each iteration is to classify a particular tree in the dataset as being either dead 
or alive. This paper approaches this problem in the context of an individual-tree model of 
mortality, that is both age- and distance-independent. The specific modelling framework 
within which the mortality module will be applied, is a framework similar to the PrognAus 
framework, with the goal of estimating annual forest dynamics for Ireland. 
Literature review 
There are two areas of interest for the literature context of this paper: tree-mortality 
modelling, and threshold-based classification. (Note that this paper is not focussed on a 
survival analysis, as one might perhaps expect, because such models are time-dependent.) 
1. Mortality modelling in Forest Succession. 
Wunder et al. [2006a] compared the use of classical stress-thresholds in mortality modules of 
forest succession (\gap") models. They conclude that logistica1 regression-based models are 
superior to stress-threshold models with regard to predicting time of tree death.  
Baesens et al. [2003] review threshold-based classifiers in the context of credit-scoring. They 
examine logistic regression, discriminant analysis, k-nearest neighbour, neural networks and 
decision trees, advanced kernel-based classification algorithms such as support vector 
machines and least-squares support vector machines (LS-SVM). They assess performance 
using the classification accuracy and the area under the receiver operating characteristic 
curve. They found that both the LS-SVM and neural network classifiers yield a very good 
performance, but also simple classifiers such as logistic regression and linear discriminant 
analysis perform very well for credit scoring. 
Bigler and Bugmann [2004] introduced a new approach to modelling tree mortality based on 
different growth patterns of entire tree-ring series. They were interested in predicting time of 
tree death. In their study, dendrochronological data from Picea abies (Norway spruce) in the 
Swiss Alps were used to calibrate mortality models using logistic regression. They introduced 
a mortality threshold and classified a tree as dead if its modelled mortality probability curve 
plotted over time went above that threshold. They ignored autocorrelation at the modelling 
stage, and applied a jackknife method to correct for the resulting biased variance estimates. 
They found that the most reliable models were those that included relative growth rate and a 
short-term growth trend as explanatory variables.  
Focussing on the role played by life-history strategies in determining tree mortality Wunder et 
al. [2008] investigated whether the relationship between growth and mortality divers among 
tree species and site conditions. This carries on from Monserud [1976] who showed that 
reduced growth generally accompanies a higher mortality risk. For each of nine species, they 
modelled mortality probablity as a function of relative basal area increment, tree size and site. 
They selected the species-specific model with the highest goodness-of-fit and calculated the 
area under the receiver operating characteristic curve and calibration measures. The 
discriminatory power as measured by AUC ranged from 0.62 to 0.87. They found that most 
growth-mortality relationships differed among species and sites, i.e. there is no universal 
growth-mortality relationship.  
It has been noted that a lack of long-term growth/mortality data has made it difficult to 
evaluate the performance of mortality models. Wunder et al. [2006b] adopt a “virtual 
ecology" approach to this problem, simulating forests with either of two a priori specified 
growth-mortality relationships. They simulate different sampling regimes in these virtual 
forests, thereby generating virtual tree-ring data, forest inventory data, or a combination of 



 

both. They compare eight existing or newly developed models of different structural 
flexibility by their ability to model the growth-mortality relationship in the simulated data, 
and quantify the deviation from the a priori specified growth-mortality relationships with the 
Kullback-Leibler distance. Of the models they evaluated, the highest accuracies were 
obtained with tree-ring based models, which required only small (approx. 60) numbers of 
dead trees. For larger sample sizes (approx 500 dead trees) forest inventory based models 
were also seen to be accurate. They also showed that exible statistical approaches were 
superior to less flexible models only for large sample sizes (totally 2000 trees) and that the 
additional use of Bayesian statistics, model accuracies only when model flexibility was 
constrained. They also provided guidelines for sufficient sampling schemes in real forests. 
In the PrognAus framework, Monserud and Sterba [1999] modelled mortality in Austrian 
forests for six major species based on 5-year re-measurements of the permanent plot network 
of the Austrian National Forest Inventory. Their general results, varying slightly between 
species, was that inverse of tree diameter, crown ratio and BAL were respectively the three 
most closely correlated factors in their model with 5-year mortality rates. They compared 
mortality rates across tree diameter class, thereby identifying a classic U-shape in mortality 
rates as diameter class increased. They modelled mortality rates rather than individual tree 
mortality probability, and validated the model with the chi-square statistic calculated between 
observed and estimated. Because the explanatory variables in their model were measured on 
the scale of the individual tree, they were able to calculate the classification success rate using 
the complement of the overall proportion 
of mortality (i.e., approx 93%, although it is not clear from the text) as the threshold. On this 
basis, their model correctly classifieded between 81 and 92%, of live trees, and between 25 
and 44%, of dead trees. However, their treatment of the threshold is very brief, and may not 
be a typical interpretation, e.g. in their interpretation, a tree is classified as dead if the 
threshold exceeds the modelled probability. Also, they derive a total correct classification 
accuracy of 86%. 
 Materials and Methods 
We fitted logistic regression models to the growth dataset. We investigated model 
performance in the case of separate models for each cohort. (Principal issue here was the lack 
of data for some cohorts). The response variable was a binary indicator of mortality 
(arbitrarily, 1 = tree dead at time of DBH measurement, 0 = tree alive). We only included 
trees whose cause of death was natural mortality, e.g. such causes as windblown, diseased, 
were excluded. Explanatory variables were as such that were selected by Monserud and 
Sterba [1999] {DBH and transformations thereof, CR, BAL, CCF}, but we also investigated 
relative growth indicators that Bigler and Bugmann [2004] noted as being useful correlates. 
Site and plot effects were modelled as random, and consecutive observations on the same tree 
were modelled as being correlated. Conditional on this correlation structure the fixed effects 
parameters were selected by backward selection starting with the candidate set of covariates 
just listed.  
Models were fitted by maximum likelihood and individual fixed effects were identified as 
non-significant on the basis of asymptotic Wald-tests. This was done for each cohort 
separately. Performance of candidate models was then evaluated by cross-validation and 
external validation (comparing fitted to observed mortality in NFI dataset) and with threshold-
based classification tools like the ROC and ROL curves and related measures and hypothesis 
tests. Cross-validation was done on a leave-k out basis, where the data \left-out" was selected 
at random. Up to twenty independent cross-validation runs were performed, and up to 33% of 
the data was left-out as cross-validation data for each run.  
Other performance measures were consulted, and the ROC convex hull played a role in our 
chosen classifier. We used threshold-averaging to investigate the performance of the classifier 
in cross-validation and bootstrap scenarios. We derived confidence bands for the ROC curve 
of the chosen classifier following the approach of Macskassy et al. [2005]. (Note, the authors 
have also developed techniques for point interval estimation also, the reference appearing in 
that paper.) 
 



 

Performance measures in ROC space and their role in uncertainty analysis 
The AUC of the ROC curve is the estimated probability that the classifier will give a higher 
score to positive cases than negative cases. (In our application, that the estimated probability 
of mortality is higher for dead trees than live trees.) We envisage that an uncertainty analysis 
of the forest growth model of which the mortality classifier is a component part could utilise 
this probability and its standard error in monte-carlo simulation assessments of overall 
uncertainty and sensitivity.  
The AUC is equivalent to the Mann-Whitney U-statistic, and methods for comparing AUCs 
have been developed as a result, e.g. Heagerty et al. [2000]. The principal complicating factor 
here is the underlying correlation structure of the comparison, which can be influenced by 
details pertaining to the derivation of the classification forecasts, the setup of the calibration 
datasets, or whether the forecasts are clustered in someway, e.g. DeLong et al. [1988], 
Obuchowski [1997], Heagerty et al. [2000], Mason and Graham [2002]. 
The convex hull of a classifier, or group of classifiers, in ROC space, can be seen as the 
optimal attainable classification performance. Fawcett [2006] notes that candidate classifiers 
that do not attain the convex hull can be discarded, on the grounds that a better classifier in 
ROC space exists. He suggests a method for interpolating between candidate classifiers to 
better approach the limit of performance estimated by the convex hull based on mis-
classification costs and the prior class distribution.  
When comparing ROC curves, per se, a complicating factor when it is of interest to compare 
different classifiers crops up if the classifiers in question are of a different \class", e.g. a 
probabilistic classifier versus a discrete classifier, or, more generally, comparisons across 
model classes, whose scoring systems are incommensurate Fawcett [2006]. 
 Datasets 
Permanent Sample Plot 
The mortality model is calibrated on data extracted from the permanent sample plot record 
system of Coillte Teoranta (the Irish Forestry Board state commercial forestry company). 
Broad and Lynch [2006b] provide details of the dataset in the context of modelling plot 
volume. The database consists of records of many silvicultural and thinning trials. These 
longitudinal trials were established from the 1950s onwards, and were initially established as 
replicated and blocked experimental designs Broad and Lynch [2006a]. 
Although there are several categories of disease or mortality causes in the PSP database 
{including, Windblown, Uprooted, Diseased, Broken and Dead}, we modelled only the 
binary response Dead/Alive for the initial model. In this way, after derived variables { basal 
area, plot density, etc. {were calculated, only data points that could be classified as 
Dead/Alive, were kept in the calibration dataset 
National Forest Inventory Plot data 
We validated the ROC curve for the chosen model on the NFI data. In the NFI sample, the 
probability that a tree's status as dead or alive will be recorded { more generally, the 
probability that any feature of the tree is measured { is a function of its diameter class at the 
time of survey, and its distance from the centre of the plot. The expansion factor concept is a 
weight that varies between each tree in the dataset that estimates the prior probability of the 
tree's inclusion in the dataset. Figure 10 shows that trees of three diameter classes are only 
recorded if they are observed within a certain distance from the plot centre. The expansion 
factor we use, and that used by the NFI, assumes a random distribution for tree diameter in 
the plot. Because of that assumption, the weight assigned to a tree in the ith diameter class is: 

2

2
3

iR

R
……………………………………………………………………………………..(1) 

where Ri denotes the radius of the concentric circle associated with the ith diameter class. 
 
In practice, the expansion factor, or weight, is used to estimate plot-level features, e.g. basal 
area. In such calculations, we estimate the number of trees of the ith diameter class that were 
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reducing the expansion factor by one unit when death is predicted (which, we can show, can 
lead to an unrealistically height global mortality rate), the actual reduction would be a 
function of the weight for the given diameter class. This method could be stochastic or 
deterministic. Other information might be used to inform the values of the weights, including 
a forester's rule of thumb about global mortality (i.e., _ 6%), or information from the NFI or a 
meta-analysis. 
A similar approach would be to mix the outcome of the mortality rule with the diameter class 
mortality weights. It might be possible to iteratively tune the weights and/or the rule's cut-off 
parameter. 

 
 
Figure 11: The empirical distribution in the PSP dataset of diameter classes of dead/alive trees 
classified by cohorts. 
 
 
 
Results 
Candidate model Number 1Candidate model 1 was a fixed effects model. A logistic GLM 
was fitted in Glimmix. The _fixed effects were DBH, BAL, and  

RelDiamInc 
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Part of the reason for looking at this model was that it was not subject to additional 
uncertainty due to imputation of missing X data, as would have been the case with the model 



 

put forward by Monserud and Sterba [1999], which also conditioned mortality on CR, a 
variable that was not measured on every tree in our dataset. 
There are several points of interest to the results of this model fitting: 
 
1. The characteristics of the parameters. 
2. The cross-validation exercise. 
3. The out-of-sample/deployment performance. E.g. how well the model described NFI 
mortality. 
 
Estimated parameters Candidate Model 1 (Used in CARBWARE models) 
The fitted parameters and their standard errors are presented in Table 4. We supply parameter 
estimates for cohort-wise fits and the fit to the entire dataset, with no cohort-effect parameter. 
Table 4: Candidate model 1 parameters  
(Fast-growing broadleaves cohort).  

 
(Larch cohort)  

 
Other conifers 

 
Pine cohort  

 
Slow growing broadleaves  



 

 
Spruce cohort  

 
 
Candidate Model 2 
The fixed effects in Candidate model 2 were those in Monserud and Sterba [1999], and 
diameter increment as a proportion of diameter (RelDiamInc). 
 
Cross-validation and deployment performance  
We performed plot-wise and case-wise leave k-out cross-validation of the chosen models. The 
case-wise deletion algorithm was very slow for the Pine and Spruce cohorts, in which case we 
opted to use only plot-wise deletion. The algorithm selected plots for deletion from the fitting 
dataset using a Bernoulli mechanism with parameter p, which we sometimes changed 
depending on the number of plots in the cohort dataset. Details are provided with each 
graphical representation of the results in Figures below. Twenty \leave-outs"were performed 
and the variability in these twenty runs is represented by the 
dotted curves. 
We estimated the ROC curve for each cohort model's out-of-sample performance by 
comparing model predictions with the actual NFI mortality data (Figures 13). The cross-
validation and deployment performance plots are presented pair-wise in the Figures below. 
In all cased model candidate outperformed candidate based on false positives and fit. For 
example we show the results for Fast growing cohorts in Figure 13. 
Note that Slow-growing broadleaves cohort did not have enough data for the cross-validation 
to be feasible, so the ROC curve for that cohort depicts in-sample performance. 
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nonlinear and the concept of trade-off between competing performance measures is not easy 
to understand. The problem is how to specify losses/gains, in other words, how to quantify 
Trade-off, how to measure gains and losses in the same units so a net trade-off can be 
calculated. Otherwise, it is not always clear, even for commonly presented parameterised 
curves, in what sense the trade-off is occurring, particularly when a “good" classifier, e.g. one 
that exhibits desirable tendencies in threshold-space, can a priori exhibit a number of 
different “shapes" when presented as a “trade-off" curve.  
For example, the class ROC trade-off curve has a priori a sense in which a classifier is good 
or bad. This is when the majority of the ROC curve lies below the line of equality. However, 
the precision-recall curve is not so easily understood. We know that the best classifier from a 
group is the one with the largest area between the curve and the line of equality. However, 
because the value of the precision at zero threshold is a function of the number of objects in 
each class to be classified, it is possible to have a “good" classifier for which that area is zero. 
However, such a classifier is probably not statistically better than the naive, 50:50 classifier. 
We propose that for a classifier to be demonstrably better than the naive classifier, it should at 
the minimum describe a positive region between the curve and the line of equality. We 
conclude that the precision-recall curve does not describe a trade-off, and that in fact, a trade-
off should have a point of equilibrium and the gains and losses should be incurred when the 
threshold moves from that point in either direction. In other words, the gains and losses as 
quantified by the two performance measures should be negatively correlated, for the 
parameterised graph to truly describe a trade-off. The precision-recall performance measures, 
for example, are positively correlated (both have TP in the numerator), and so their 
parameterised curve representation does not describe a true trade-off situation in every region 
of threshold space. If we overlay the two graphs with precision and recall on the y and y' axes, 
and threshold on the x axis, we can see more clearly where a true trade-off may occur. It is 
likely that should a true trade-off occur, that the region between the parameterised curve and 
the line of equality will have to be positive. As external corroboration, DeLong et al. [1988] 
note that the cost or loss function is essential to deciding the optimal cutpoint/threshold for a 
ROC curve. In summary, there are therefore two issues: comparing classifiers and, given a 
classifier, choosing a cut-off point.  
This latter can only be done in conjunction with some kind of loss function describing costs of 
the different types of classification error. The kind of classifier we are using, based on 
multiple correlation/regression, and therefore wholly empirical, is easier to select than other 
types of classifier. We can use model selection criteria based on correlation/regression, or 
minimization of errors, or some other abstract modelling concepts. Then, the classifier 
selected, we can choose the cut-off.  In what we call mechanistic classifiers, such as described 
in Martin-Davila et al. [2005], where the classifier is predicated first and foremost on an 
understood pathway, not naive correlation, the threshold has a physical dimension, and the 
choice of cut-off has a defined purpose in a physical system. Note that a logistic regression 
with a single explanatory variable can be made to fit such a schema. In fact, it might be 
possible to define a convex hull of the multiple explanatory variables to take the place of 
single-variable classifier in that schema. Also, some variables might be better at defining the 
threshold than others and this  can also be examined. A convex hull defined by cut-off points 
in each explanatory variable might be envisaged to play the role of a kind of “syncretized" 
cut-off point. In such an instance, it would be relevant to assess the cross-correlations among 
the explanatory variables. 
 
Conclusions 
We set out to determine a logistic regression model of mortality that could be used to describe 
mortality in the NFI data. This was the ultimate goal of the model. We investigated the 
possibility of calibrating this model on the permanent sample plot longitudinal data but found 
that we could improve the result be simply calibrating the parameters on the NFI data alone. 
In the absence of a mis-classification cost function we chose the cut-off for transforming 
predictions on the logit scale to the binary (dead, alive) scale based on the false positive rate 



 

(the rate at which the model predicted mortality incorrectly). Specifically, we chose the cut-
off to keep this as small as reasonably possible. 
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II: Other modifications in the growth simulator 
 
Thinning/Harvest 
 
We assume that all thinning occur randomly. Random thinning can be implemented on an 
individual plot level. The CARBWARE user sets a basal area (BA) to be removes as 
stipulated in the harvest activity data (in the ‘Eventstable’) so thinning of  trees are selected 
at random from the plot until this target BA is achieved. The thinned or harvested trees in a 
given plot are removed from the growth database and populated in a modifier table within the 



 

CarwKP_08 database. These data are they called up in the allocation module (Appendix E2 
and section 111.2.3). 
Although it is common practice that clear felled stands are replanted within 2 years, the 
CARBWARE model does no re-populate clear felled plots due to uncertainty of re-
establishment success and species choice. This is a conservative approach and is consistent 
with the rules applied, which differentiate between deforestation and clear fell with re-
establishment (see section 11.4.2) 
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