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Abstract Two models, Carbware (CW) and Growfor (GF),

of different resolution and based on different frameworks

were evaluated in relation to stand-level forecasts of vol-

ume and basal area using Ireland’s National Forest

Inventory (NFI) data. CW is a distance-independent single-

tree model that is based on diameter increment. GF is a

stand-level dynamic empirical model that uses the von

Bertalanffy–Richards growth equation in a state-space

framework. NFI data were used as input to the models, and

each model’s projections were compared to NFI data at the

next measurement cycle. The NFI is a permanent sampling

system with the objective to assess the composition and

extent of the forest estate. A subset of the NFI was used in

the study, single-species even-aged plots comprising Sitka

spruce and lodgepole pine. The accuracy and performance

of the CW and GF models were analysed using residual

analysis and standard statistical techniques. Results show

that both models require improvement, though the study

has raised concerns regarding the suitability of the NFI data

for this type of investigation.

Keywords Inventory data � Model � Validation � Stand �
Tree

Introduction

Model evaluation is an important aspect in the evolution of

a model and can be categorized into two stages. The

qualitative stage has been defined as a ‘critical appraisal of

model logic as well as theoretical and biological realism of

the model’, while the quantitative stage consists of a series

of tests and comparisons of predictions using independent

data (Soares et al. 1995). These two stages are also known

as verification and validation. The quantitative stage should

be considered a continual process provided new data

become available. The statistical evaluation examines

accuracy, performance and error rates using an independent

dataset. The predictions of a good model should compare

well to appropriate independent data.

Approaches vary on how to incorporate and utilize

independent data for model evaluation. Huber et al. (2013)

conducted an analysis of three different models using

independent inventory data. The three models are a hybrid

gap model, a growth and yield model and a biogeochem-

istry model. The focus of that study was on the ability of

each model to reproduce climate-induced changes in forest

volume growth. Though all models produced the 15-year

trend, the PICUS model produced the estimated year to

year variation. Thürig et al. (2005) tested an empirical

single-tree model with inventory data. Discrepancies

between predictions from the model and observed values

were attributed to the accuracy of model inputs, especially

stand age. Härkönen et al. (2010) used new inventory data

to compare the growth estimates from a tree-level simu-

lator, a stand-level simulator and a simulator that combines

tree and stand levels. Though the combined simulator

produced the least bias, the results indicate there was no

superior model and selecting a model should be determined

on a case-by-case basis depending on the application.
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Growfor (GF) is a dynamic empirical stand-level model

based on the state-space framework developed by Garcı́a

(1984). The state-space modelling approach has been in use

worldwide, and the GF model has been in use in Irish

forestry since 2005 (Broad and Lynch 2006). Models for

the main commercial species have been developed and

included in the GF programme. The approach was origi-

nally developed for Pinus radiata in New Zealand (Garcı́a

1984) and has been utilized in Spain for predicting the

growth of Eucalyptus globulus (Garcı́a and Ruiz 2003) and

in Chile for even-aged fire-origin Nothofagus obliqua

(Salas and Garcı́a 2006). In British Columbia, Garcı́a

(2011) applied it to sites dominated by Picea glauca and P.

engelmannii, in both even-aged planted and natural stands.

In the south-eastern USA, it was used as part of a hybrid

model to examine the stand dynamics and biomass of Pinus

taeda (Garcı́a et al. 2011).

Previous comparisons between GF and the Forestry

Commission (FC) Yield tables (Edwards and Christie

1981) indicated that basal area projections to mid-rotation

by GF are greater than the values in the FC tables (Broad

and Lynch 2006), while cumulative volume comparisons

undertaken when thinning at marginal thinning intensity

demonstrated significantly smaller cumulative volumes

obtained by GF than by the FC tables, and indeed most

volume is obtained from the thinnings in GF, unlike the FC

tables, resulting in a loss in productive capacity (McCul-

lagh et al. 2013). Neither of these studies included inde-

pendent data; rather, FC scenarios were adopted and

simulated in GF. The GF Japanese larch model was tested

using a small collection of plots from the NFI, though the

data were insufficient for a thorough statistical analysis

(McCullagh 2013).

The Carbware (CW) model was initially developed

using Coillte’s (Irish state forestry company) permanent

sample plot (PSP) database for national greenhouse gas

inventories (Duffy et al. 2013; Hawkins et al. 2012). The

model is based on both age-independent and distance-in-

dependent, single-tree growth algorithms, initially devel-

oped using the prognosis modelling framework (Wykoff

1990) and variations thereof (Monserud and Sterba 1996).

These functions characterize changes in growth or mor-

tality using crown competition factors and measures of

relative tree dominance within a stand (e.g. basal area of

the larger trees), which are dynamically modified as stand

structure changes (Hasenauer 2006; Pretzsch 2009). Ini-

tially developed for even-aged and pure stands (Newnham

1964), application to mixed-species (Black 2016) and

uneven-aged stands has proven to be realistic and practical

(Hasenauer 2006; Monserud and Sterba 1996; Wykoff

1990). The NFI uses a stratified random sampling tech-

nique which does not provide an accurate determination of

top height (TH) and yield class estimates required as inputs

to conventional stand-based models (Thürig et al. 2005;

Black 2016). The CW model was initially designed for

application to the NFI data to deal with the problems

associated with the stratified random sampling of trees. The

model was initially calibrated using the Coillte PSP.

However, since this study was completed, the growth and

mortality models in CW have been recalibrated using NFI

data since site factors which were insufficient in the Coillte

PSP were now available in the NFI (Black 2016).

The aim of this study was to test the performance of the

two models using the NFI data, in terms of volume incre-

ment and basal area, and to identify areas where each

model could be improved.

Materials and methods

Data

The NFI (2007, 2013) comprises a nationwide network of

permanent sample plots established in 2005. Its objective is

to establish estimates of the national forest resource and to

track changes over time. The second cycle of measure-

ments was completed in 2012, thus allowing the increment

in stand variables to be used in model evaluation. The NFI

in Ireland adopts a concentric sampling approach in which

plots of size 500 m2 with a radius of 12.62 m contain two

smaller radii size plots of 7 and 3 m, corresponding to R3,

R2 and R1 in this study (Eq. 5). The criteria for mea-

surement of a tree in a plot are its DBH and its position

relative to the three circular plots. In a plot survey, all trees

above 7 cm DBH are measured for DBH, whereas a

maximum of seven trees, selected from the range of DBHs,

are measured for height. In addition to the above, a small

tree datasheet includes the numbers of trees with a DBH

\7 cm in each plot; less inventory attributes are collected

for these trees. In 2006, 1742 forest plots were assessed and

1827 plots in 2012.

Data from the first cycle of measurements will be

referred to as NFI1 and from the second as NFI2. There are

two situations in which measurements are missing. The

first relates to the heights of the trees other than the seven

(or less) measured. The second includes ingrowth trees

(with NFI1 missing), which are those trees included in the

second cycle but absent in the first cycle as they did not

meet the DBH criteria, as well as trees that are harvested

between the first and second cycle (with NFI2 missing).

Post-processing stages of the NFI data were carried out by

the NFI staff and include the estimation of missing DBH

measurements using the kNN (k-nearest neighbour) tech-

nique (NFI 2007, 2013). DBH, age, tree rank, mean tree

basal area, tree rank by DBH were the core explanatory

variables adopted though a further ten were considered in
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combination while three different weight parameter expo-

nents were considered. Several height–DBH functions

were adopted to estimate the missing heights (NFI

2007, 2013).

This study focused on single-species plots of even-aged

Sitka spruce (Picea sitchensis (Bong.) Carr.) and lodgepole

pine (Pinus contorta Dougl.), as these are the most abun-

dant conifer species in the forest estate and are thus the

most relevant to managers and industry, and their larger

sample size afforded the best opportunity for statistical

analysis.

Sitka spruce and lodgepole pine are native to the Pacific

Northwest coast of North America. Sitka spruce was first

introduced to Europe in 1831 and Ireland soon after. It

grows well throughout Ireland as its natural range is in a

cool maritime climate. Since it is the most productive

conifer and the ‘mainstay in terms of timber processing and

end markets’, it has become the predominant species grown

in Ireland (Irish Forest Service 2016) occupying 59% of the

growing stock in Ireland (NFI 2013). Lodgepole pine

establishes easily in Ireland and is an undemanding species.

Historically, it was planted as a pioneer or nurse species on

upland peats and blanket bogs in the hope that it would

improve poor sites for successor and main crops (Irish

Forest Service 2016). It still serves this purpose today.

However, its quality has been disappointing and its main

end use is in oriented strand board and medium-density

fibre board products.

Models

The state-space modelling approach adopted by GF is

based on systems theory concepts, and with sufficient

information on the state of the system forecasts of future

states are possible. Required is the state vector x ¼
B;N;Hð Þ0 made up of the stand variables basal area,

stocking density and top height and also the transition

function which is a multivariate version of the von Berta-

lanffy–Richards equation (Eq. 1):

dx

dt
¼ Axþ b ð1Þ

where A denotes a 3 9 3 matrix and b is a vector. The

function has been widely used on account of its flexibility

and the biological basis on which its parameters rest (Zeide

1993).

The CW growth increment modelling framework is

based on DBH increment (normalized to an annual incre-

ment, Dinc), described as a function of tree size (fSIZE),

competition (fCOMP) and site factors (fSITE) (Eqs. 2–4).

Dinc ¼ a0 þ fSIZE þ fCOMPþ fSITEð Þ ð2Þ

fSIZE ¼ e a1þa2 ln DBHð Þþa3DBH
2þa4 ln CRð Þð Þ ð3Þ

fCOMP ¼ e b1þb2BALþb3 ln CCFð Þð Þ ð4Þ

where CR is crown ratio, BAL is the basal area of larger

trees, CCF is the crown competition factor, ai, bi are

parameters, and fSITE is a combination of ecological site

classification variables and topographical factors.

Site factors were not used in the version of the model

used in this analysis. A detailed description of the CW

model is provided by Black (2016). Pre-processing proce-

dures were developed to calculate values for unmeasured

single-tree variables, such as tree height or crown ratios,

and stand-based variables, such as basal area and the basal

area of the larger trees. Single-tree outputs were aggregated

to the stand level, and stand volume was derived using

aggregated single-tree volume equation values (Black

2016).

Model inputs

The tree-level measurements from NFI1 and NFI2 were

aggregated to produce stand-level variables by summing

the trees per plot and multiplying by the relevant expansion

factor and then by 20 for the hectare value. NFI1 stand

variables were used as input to GF. The inputs needed from

NFI1 for GF include TH, stems per hectare and basal area

per hectare.

TH, the mean height of the 100 largest DBH trees per

hectare, is in practice scaled down to the plot size and

assumed equivalent to the largest tree in 100 m2. It is not a

collected variable in the NFI, and as only a subset of the

trees in the plot is measured, it is not possible to obtain the

TH. A workaround was adopted to estimate TH which

consisted of taking the mean height (as modelled by kNN)

of the largest five DBH trees in the 500 m2 plot.

The figures from the small tree dataset are included in

the stocking calculations as it is expected that these are the

trees that comprise the ingrowth cohorts in NFI2. However,

this approach proved unreliable as the stocking values

inconsistently increased and decreased between cycles. The

challenge of calculating realistic stocking increments

proved insurmountable (most plots used in analysis had

occurrences of ingrowth) during the study, and it was

therefore necessary to proceed with these figures. The NFI

team are aware of the unsatisfactory estimates of ingrowth

but are not concerned as it does not adversely affect the

objectives for which the data are collected. It was hoped

that by limiting the stand data to stands aged 10 years and

older, the impact of ingrowth would be minimized.
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Model evaluation

The output basal area and volume from both models were

compared with those values from NFI2. The following fit

statistics were examined: estimates of relative bias

(Bias%), relative root mean square error (RMSE%), which,

respectively, are the total bias and RMSE of a variable of

one model as a % of the mean of the measured variable. A

linear regression of predicted variables against the NFI2

variables was undertaken, and the coefficient of determi-

nation (R2) was recorded as a goodness of fit. Predictions

producing R2 values above 0.95 would be considered

accurate; indeed, previous validations of the GF models

were expected to reach this standard. The Breusch–Pagan

test was used to test for homoscedasticity of residuals,

while the Shapiro–Wilks test was used to test whether the

residuals followed a normal distribution. In the event that

the above tests failed or sample sizes were N\ 30, infer-

ence referred to the nonparametric Wilcoxon rank-sum test.

This test checked whether the difference between the

medians of the two distributions (actual and predicted

values) was significant (the null hypothesis is that there is

no difference). Other variables considered in the analysis

were the mean expansion factor, the number of trees per

plot and the number of ingrowth trees per plot.

The even-aged data were stratified into subsets corre-

sponding to the DBH classes in the concentric sampling

system of the NFI (Eq. 5) (Fig. 1) to enable further analysis

of patterns and ‘phenomena’ resulting from the sampling

design. Stratification into thinned and unthinned stands was

also undertaken on the SS plots. Analyses were conducted

using R statistical software (R Development Core Team

2014).

R1 : 70�DBH� 120 mm

R2 : 120�DBH� 200 mm

R3 : DBH� 200 mm

ð5Þ

Spatial analysis was undertaken using ArcGIS to anal-

yse whether residuals are spatially clustered in different

parts of the country. The residuals from predicted (GF and

CW modelled) and observed (NFI2) basal area values for

the pure Sitka spruce stratum were subjected to Global

Moran’s I analysis in ArcGIS v10.1. Global Moran’s I is a

measure of large-scale autocorrelation, where Moran’s

index values close to 1 suggest a highly clustered spatial

pattern. In contrast, values close to zero suggest uniformly

dispersed patters. For this analysis, model residual values

for basal area were compared with the overall mean

residual value for all observations, taking into account the

spatial location of plots (i.e. the inverse distance between

plots in this case).

Results

A total of 200 plots of pure SS and 28 plots of pure LP

were identified in the NFI database, and their data were

extracted (Table 1). Of the 200 SS plots, 183 contained

occurrences of ingrowth. A total of 107 of the SS plots

were thinned. The graphical basal area residual analysis did

not reveal any strong trends (Figs. 2 and 3) though some of

the variables under both models did fail the Breusch–Pagan

test indicating heterogeneous variance (Table 2).

All strata

Considering all data together, it is clear the GF model per-

forms better than the CW model; GF has a smaller Bias%

and RMSE% than CW, though values for both models are in

the range 10–20% (Table 2). The GF model under-predicted

the basal area and volume of both species, as did the CW

model for LP basal area, while for the other variables the

CW models over-predicted. The p values produced in the

Wilcoxon rank-sum test for the basal area and volume of the

GF model were[0.05, so there was insufficient evidence to

reject the null hypothesis that there was no difference

between the actual and the predicted values, indicating that

GF has the potential to produce good estimates of the NFI

data. The basal area and volume p values of the CW model

were significant, and the null hypothesis was rejected, sug-

gesting the model is not producing good estimates.

Plot size stratification

RMSE% increases for both GF and CW as the concentric

plot size decreases, for both basal area and volume. There

were no plots of LP in the R1 stratum, reducing analysis in
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Fig. 1 Diameter distribution of all trees (n = 35,821) in the NFI

database in cycle 1. Solid black lines indicate the R1, R2 and R3

stratification, corresponding to the concentric sampling system
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this stratum to a comparison between GF and CW for SS

only. The GF volume model showed less Bias% and had a

smaller RMSE% than the CW model and produced a much

larger R2 = 0.88 than the CW model. CW had a smaller

RMSE% and less Bias% than GF for the basal area variable

and had a slightly smaller R2 = 0.86 than GF. In the R2

stratum, GF showed less Bias% and less RMSE% than CW

for SS for both variables. The GF LP model had the best

R2 = 0.8633. The distributions of the predictions were

significantly different from the NFI data only for the CW

SS basal area and volume predictions. For the R3 stratum,

neither of the distributions of the GF and CW predictions

differed from those of the observed data for both variables.

GF produced less Bias% than CW for both species and all

variables, and also smaller RMSE% than CW. The LP

model for both GF and CW produced the best R2 values for

both variables.

Thinning stratification

The above patterns of smaller Bias% and RMSE% for

basal area and volume predictions based on the GF model

were evident in both thinning strata. The Wilcoxon rank-

sum test also proved significant for CW but not GF, for

both variables.

Spatial analysis

This analysis suggested that model error is uniformly dis-

tributed across the country and that it is unlikely that

spatial climatic or site variables (such as elevation, tem-

perature, moisture deficit, etc.) can explain modelled basal

area residuals (Fig. 4). Based on this analysis, we can

conclude that there are no spatial outliers, because the Z

score of Moran’s index is not significant (i.e. p[ 0.05)

(Table 3). The uniform distribution is confirmed in the

graph of residuals against altitude (Fig. 5).

Discussion

The stand-level forecasts by GF are more accurate than

those by CW, across all strata: for the GF species, basal

area and volume predictions, the Wilcoxon tests were not

significant, while CW produces p values below 0.05 for the

R2 stratum and for all strata class. GF also produced

smaller Bias% and RMSE% than CW. Notwithstanding the

Table 1 Characteristics of the

NFI evaluation data
Variable Sitka spruce: no of plots = 200 Lodgepole pine: no of plots = 28

Mean Min Max SD Mean Min Max SD

Age (years) 22.73 9.10 49.00 9.44 26.25 16.00 39.00 5.00

Mean diameter (cm) 18.66 8.88 32.73 5.00 18.42 12.32 23.47 2.60

Basal area (m2) 32.97 6.69 74.80 12.78 32.01 10.57 48.91 10.17

Mean height (m) 11.93 4.91 30.80 4.21 10.59 7.53 13.31 1.60

Stand volume (m3 per ha) 201.30 11.93 1010.60 145.66 166.66 42.58 291.60 61.90

Stocking (stems per ha) 1662 240 4967 911 1672 465 3119 721

SD standard deviation
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Fig. 2 Plot of GF basal area residuals against the total number of

trees per plot
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Fig. 3 Plot of CW basal area residuals against the total number of

trees per plot
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better performance of GF, both models are in need of

improvement if the widely applied standard requiring R2

values above 0.95 is to be met. Even if this requirement

was to be relaxed, to say R2 = 0.90, in the light of the data

issues described above (though the authors do not recom-

mend this), few of the variable predictions by both GF and

CW models obtained even this revised level. In addition,

the levels of Bias% and RMSE% are arguably too large for

an acceptable model.

Table 2 Performance statistics for GF and CW and for Sitka spruce and lodgepole pine

Growfor Carbware

Bias% RMSE% R2 SW BP Pw Bias% RMSE% R2 SW BP Pw

All strata SS (N = 200) BA -1.96 12.81 0.81 \0.01 0.43 0.06 7.39 14.43 0.81 0.01 \0.001 \0.01

Vol -1.41 18.80 0.84 \0.01 \0.01 0.40 12.61 26.24 0.82 \0.01 \0.001 \0.01

LP (N = 28) BA -1.96 9.95 0.89 0.88 0.43 0.76 -2.73 13.04 0.82 0.87 0.26 0.69

Vol -2.65 18.53 0.71 0.06 0.22 0.76 5.73 15.36 0.82 \0.01 0.93 0.42

R3 SS (N = 76) BA -2.90 10.30 0.89 0.13 0.15 0.66 7.38 13.37 0.86 0.08 0.11 0.09

Vol -3.72 14.32 0.92 0.09 0.42 0.74 4.56 16.9 0.85 0.10 0.04 0.37

LP (N = 7) BA 0.39 12.91 0.93 0.19 0.60 1.00 7.57 14.94 0.96 0.77 0.37 0.62

Vol 10.60 29.13 0.59 0.53 0.25 0.62 13.96 17.68 0.94 0.78 0.28 0.54

R2 SS (N = 114) BA -1.94 14.00 0.71 0.16 0.85 0.62 6.70 14.60 0.75 0.10 0.03 0.01

Vol -0.01 22.59 0.62 \0.01 \0.01 0.77 15.00 27.67 0.64 0.08 0.67 0.00

LP (N = 21) BA -2.65 9.01 0.86 0.49 0.20 0.71 -5.76 12.47 0.76 0.98 0.73 0.40

Vol -6.65 14.33 0.83 \0.01 0.08 0.45 3.25 14.64 0.78 \0.01 0.98 0.64

R1 SS (N = 10) BA 7.63 17.66 0.89 0.19 0.45 0.53 0.60 14.86 0.86 0.77 0.06 0.91

Vol 16.81 23.91 0.88 0.53 0.28 0.48 23.93 42.64 0.11 \0.01 0.63 0.48

No-thin SS (N = 93) BA -2.47 11.80 0.77 0.09 0.89 0.06 6.10 13.72 0.73 0.02 0.30 \0.01

Vol -0.77 19.90 0.81 \0.01 \0.01 0.57 15.94 29.95 0.72 \0.01 \0.01 \0.01

Thin SS (107) BA -1.44 13.86 0.80 0.09 0.27 0.42 8.73 15.12 0.85 0.15 0.21 \0.01

Vol -1.97 17.80 0.86 \0.01 0.93 0.52 -0.77 19.89 0.83 0.40 0.37 \0.01

Pw denotes the p values resulting from the Wilcoxon rank-sum test, SW denotes p values resulting from Shapiro–Wilks test for normality, and BP

denotes p values from Breusch–Pagan test
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Fig. 4 Plot of basal area residuals against altitude

Table 3 Results from spatial analysis

Moran’s statistic GF (BA residual) CW (BA residual)

Moran’s index -0.047 0.0237

Z score -1.13 0.77

p value of Z score 0.25 0.44

100 200 300 400 500−
40

0
−

20
0

0
10

0

Altitude (m)

V
ol

um
e 

re
si

du
al

s 
(m

3 )

Fig. 5 Plot of volume residuals against altitude
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Any inferences about model performance must be

dependent on a rigorous and cogent analysis which

includes the use of valid and relevant data. This study

raises concerns in relation to the use of NFI data for growth

modelling purposes. The ingrowth issue produced unreal-

istic stocking increments between cycles which introduced

uncertainty in the basal area and volume estimates. The

study showed that the greatest accuracy was attained in the

stratum which contained the most trees and also the largest

trees, R3, suggesting there may be a selection bias for large

trees, i.e. there is a greater probability of measuring large

trees than small trees and smaller trees are under-

represented.

The lack of the TH input for GF is an important short-

coming in the analysis. The TH workaround that was

adopted and used as input to GF may have given rise to

simulated stand variable combinations (BA, N, TH) that

were not realistic or present in Irish forests, resulting in

further unrealistic predictions. However, since the NFI is

the main source of data available for the modelling of Irish

forests, it is necessary to make use of it, despite this issue

and those above.

There are no means by which to determine how much of

the model deviations from the observed trends are due to

the models themselves or to issues with the data (mea-

surement error, sampling bias, ingrowth). Models are, and

will always be, in need of evaluation and potential

improvement. More accurate data may become available,

and the non-constant environment and climate may, for

instance, result in a ten-year-old model producing poor

predictions compared to its predictions from ten years

previous.

One of the main benefits of utilizing inventory data for

growth modelling is that it may be comprised of a much

larger range of plots across the country, thus covering

more extreme situations than temporary sample plots

(Wykoff 1990). Data collection for resource inventory

purposes aims for heterogeneous variance within plots so

as to fully represent the forest estate. Certainly, there was

evidence of this in the study. In contrast, data collected

for growth modelling purposes (model development and

evaluation) should comprise measurements across the full

range of site and stand conditions, and within-plot vari-

ance would ideally be kept to a minimum (Vanclay

1994). It is possible that the wider range of plots in the

NFI than in the Coillte PSP database contributed to the

models’ lack of fit. Though the Bertalanffy–Richards

function may produce extrapolations outside of the data

range used for its development, there is no guarantee that

they will be accurate. The GF SS model has, however,

had the benefit of being developed with the largest

quantity of data of all GF species models due to its

importance in the industry. In order to improve the

performance of the model, a full re-parameterization is

necessary, for which new data will be required. Specifi-

cally, two rounds of data collection with an interval of

three years for each species would be sufficient. This

cannot be sourced from the NFI due to the lack of the

key variable, top height. Estimations of top height may

be possible though would be unwise as the ingrowth

issue could lead to further erroneous values.

In single-tree models, errors have the potential to

propagate and magnify as single-tree measures are

aggregated to the stand level (Vanclay 1994). It has been

suggested that traditional stand-based models, such as

GF, characterize the stand attributes using mean or

aggregated values and model estimates for stem diameter

distributions for accurate timber assortment valuations

(Garcia 1981; Arabatzis and Gregoire 1990). However,

such approaches may produce large model residuals due

to site-specific variations. In addition, stand models do

not provide the forest manager the option of optimizing

product recovery using tailor-made log length and

diameter assortment classes (Nieuwenhuis et al. 1999).

Using single-tree-based increment models, single-tree

diameters and heights are measured and ‘grown’, sug-

gesting that individual stem volumes and user-defined

assortment categories can be derived at a much higher

level of accuracy. However, numerous approaches to

further improve the performance of the CW single-tree

growth model may be considered. It has been shown that

inclusion of site factors, such as topography and climatic

variables, can improve distance-independent single-tree

model performance by 2–11% (Monserud and Sterba

1996). Use of alternative single-tree modelling approa-

ches such as the potential modifier method may better

characterize variations in tree due to genetic variations or

differences in productivity indices within a specific spe-

cies cohort (Pretzsch 2009). Alternative model calibration

and selection procedures such as Akaike’s information

criteria instead of least-square optimization have been

suggested to avoid over-parameterization of models

(Black 2016; Burnham and Anderson 2002). Over-pa-

rameterization of models may lead to large error, par-

ticularly when models are applied to an external

validation dataset, as is the case in this study.

This study has highlighted the limitations of the Ire-

land’s NFI data for use in growth modelling. Until such

time that top height becomes a collected variable in the

NFI and assuming a solution to the erratic stocking

fluctuations is produced, this dataset should not be uti-

lized for developing the GF model. In the meantime, it

may be necessary to increase pressure on policy-makers

to install long-term plots and data collection cycles,

however, costly, with growth modelling and evaluation a

priority.
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