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A B S T R A C T   

Forest models predict tree and stand evolution under different scenarios, thereby supporting decision-making in 
forest management. Models are complex structures composed of sub-models that estimate forest variables at tree 
and stand levels. Prediction accuracy has generally been evaluated independently of the model. Integrated sub- 
models make forest models easier to use and provide predictions for growth, survival, ingrowth and many other 
tree and stand variables with reduced effort. However, while individual submodel validation is widely practiced 
and normally done by each author individually, joint model validation remains less explored. This study deploys 
a useful methodology for evaluating and validating models. After comparing observed and predicted data, 
several case studies were then proposed to improve the accuracy of the joint model. We used the IBERO model, 
data from the Spanish National Forest Inventory and the SIMANFOR simulator platform. The accuracy of growth 
submodels was improved by calibrating their equations, though accuracy was not improved in survival and 
ingrowth submodels.   

1. Introduction 

Quantifying and classifying are tasks that simplify forest dynamics to 
understand and manage them more easily and make predictions under 
different scenarios. Forest modelling has been evolving steadily in recent 
decades with the development of submodels to predict growth and yield 
for the main forest species (Bravo et al., 2011; Pretzsch, 2009c). 
Different simulation platforms have also been developed to make the 
models easier to use (Pretzsch, 2009a). Examples include the SILVA 
simulator, a single tree-based stand simulator developed for species in 
North Europe (Pretzsch et al., 2002); SIMANFOR, a web-based appli
cation for simulating silvicultural alternatives (Bravo et al., 2012, 2023); 
or Capsis open software for modelling forest growth (Dufour-Kowalski 
et al., 2012). The forestry sector is actively encouraging the establish
ment and advancement of extensive forestry databases, such as national 
forest inventories (Tomppo et al., 2010) and long experimental networks 
across climate condition gradients (Pardos et al., 2021). These facilitate 
the development, testing and use of growth and yield forest models at 
larger scales, making them more robust. 

Accurate predictions are key to robust outcomes. While the 

prediction accuracy of each submodel (defined here as each individual 
equation or group of equations to estimate a process, such as growth or 
survival, or a variable, such as height or biomass) is normally evaluated 
as part of the model development process, it is not a common practice at 
the whole-model level. Combining the different submodels into a single 
model allows predictions to be made based on all the processes that 
occur at tree and/or stand level but increases the difficulty of evaluating 
their performance. Model validation is defined as the procedure used to 
calculate the accuracy of a model in representing intended use in the real 
world (Ling and Mahadevan, 2013). Weiskittel et al. (2011) offer some 
guidance about how to approach this task, and other authors (Aldea 
et al., 2023; Pretzsch, 2009b; Zhu et al., 2019) have developed examples 
of how to validate different submodels. However, model validation must 
combine the evaluation of each fundamental area: growth, survival, and 
ingrowth. The goal of this study is to establish the basis for developing a 
methodology for validating forest models using direct quantitative 
comparison of model predictions and observed values for diameter, 
height growth, survival, and ingrowth submodels. To do so, we designed 
a method for validating the IBERO model (Bravo, 2005) parameteriza
tions for Pinus pinaster IBEROPT (Lizarralde et al., 2010a) and Pinus 
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sylvestris IBEROPS (Lizarralde et al., 2010b) on the SIMANFOR simulator 
(Bravo et al., 2010, 2012, 2023; SIMANFOR, 2023). 

2. Material and methods 

2.1. Data 

Data from the 2nd (NFI2) and 3rd (NFI3) edition of the Spanish 
National Forest Inventory were used. This dataset is independent from 
the one used to fit the original models but has the same circular 
concentric plot structure (Alberdi et al., 2010). Data from NFI2 were 
used to develop projections and generate NFI3 predicted data (NFI3
predicted), while actual data from NFI3 (NFI3observed) was used to check 
the accuracy of those predictions. Data were filtered to fulfill the 
following criteria:  

• Plots must be within the defined geographical boundaries of the two 
parameterizations.  

• Dominant species for each model must be Pinus pinaster or Pinus 
sylvestris, accordingly (dominant plots species means that the basal 
area of the target species represents >90% of the total basal area in 
the plot).  

• Plots must be measured in both inventories (NFI2 and NFI3) and 
have had no structure-modifying events (i.e., harvests or wildfires).  

• Mean plot age must be known for both inventories due to the model 
requirements. 

After filtering the database, a total of 49 plots with 575 P. pinaster 
trees and 136 plots with 2810 P. sylvestris trees were selected. Since the 
time between measurements was not the same for each plot, data from 
NFI3 plots were modified to make the time lapse between inventories 
equivalent to 10 years and facilitate analysis of growth submodels. This 
was done by recalculating NFI3 tree growth for diameter and height in a 
linear way, dividing total growth by the years between NFI3 and NFI2 
measurements and multiplying the result by 10 (years). The same 
approach was used on SMC-ORGANON (Hann et al., 2006); it makes the 
plot age of the predicted data (2 projections of 5 years each) compatible 
with that of the observed data (NFI3observed) to enable comparison. For 
survival and ingrowth submodels, original data was used without time- 
lapse modifications because there is no data for the moment when a tree 
dies or reaches a certain diameter category. 

Annual rainfall (mm⋅year− 1) and mean annual temperature 
(◦C⋅year− 1) were obtained from the State Meteorological Agency of the 
Spanish Government (AEMET, 2021) to evaluate the possibility of 
improving the survival equation predictions. Relevant information was 
obtained from the closest meteorological station to each plot for the 
measurement year. Forestry and climate data were scrubbed and curated 
using R (R Core Team, 2021) and tidyverse software packages (Wickham 
et al., 2019). 

2.2. Model and parameterizations 

The IBERO model (Bravo, 2005) and its parameterizations for Pinus 
pinaster IBEROPT (Lizarralde et al., 2010a) and Pinus sylvestris IBEROPS 

(Lizarralde et al., 2010b) were used. IBERO is an individual-tree growth 
model and independent from the distance originally parameterized for 
Pinus pinaster mesogeensis and Pinus sylvestris. The core model integrates 
equations to estimate forest productivity (Bravo and Montero, 2001; 
Bravo-Oviedo et al., 2004), diameter and height growth (Lizarralde, 
2008), survival (Bravo-Oviedo et al., 2006) and ingrowth (Bravo et al., 
2008). It also includes imputation equations such has crown and height- 
diameter equations (Lizarralde, 2008), taper equations to estimate vol
ume (Lizarralde, 2008), biomass submodels (Ruiz-Peinado and del Rio, 
2011) and others. The IBERO model is integrated with the SIMANFOR 
simulator (Bravo et al., 2012, 2023) and adapted to the needs of this 
study for each analysis, as described in the analysis section. IBERO was 

parameterized for P. pinaster stands located in the Iberian Meridional 
Mountains (Soria, Guadalajara, Cuenca and Teruel provinces) of Eastern 
Spain (IBEROPT, full parameterization content on SIMANFOR (2022a)) 
and for P. sylvestris in the Iberian and Central Mountains (Ávila, Burgos, 
Segovia and Soria provinces) of Central Spain (IBEROPS, full parame
terization content on SIMANFOR (2022b)). 

Both original models were used to assess the differences between 
predicted and observed data, then modified after analyzing each case 
study. Submodels with the correct shape but predictions that needed 
improvement were calibrated by modifying their scalar value (Bravo 
and Montero, 2003). The original submodels and their parameteriza
tions are summarized on the Supplementary Material section. 

Growth submodels were evaluated first by direct quantitative com
parison between predicted and observed data. Since survival and 
ingrowth submodels are complex, we looked at case studies that 
involved modifying both original models. We suggested adding a 
threshold value based on stand density capacity to the survival sub
model, to determine when it needs to be applied, following the meth
odology of Rodríguez de Prado et al. (2020). It operates as ‘border 
control’ in deciding when an event must occur: when the threshold 
condition is surpassed, the survival submodel is activated. This meth
odology is based on the Stand Density Index (SDI) (Reineke, 1933) and 
the Maximum Stand Density Index (SDImax) (Rodríguez de Prado et al., 
2020). The specific coefficients used in our submodels were developed 
by Del Río et al. (2006) for P. pinaster and P. sylvestris. In that case study, 
if SDI > SDImax, then the survival submodel was applied. For the 
ingrowth submodel, we decided to study the influence of “technical 
ingrowth” on the predictions. Technical growth is the ingrowth that 
affects the outer circles of the concentric plots and the higher diameter 
classes by extension. To do this, we used the ingrowth of trees in the first 
measurable diameter class, which ranges from 7.5 to 12.5 cm diameter 
at breast height (dbh). In three other case studies, the original submodel 
threshold values were modified to 0.25, 0.5 and 0.75. The original 
ingrowth submodel threshold values for were established at 0.38 for 
IBEROPT and 0.43 for IBEROPS by Bravo et al. (2008). 

2.3. Simulations 

To perform growth simulations, the SIMANFOR platform (Bravo 
et al., 2010, 2012, 2023; SIMANFOR, 2023) was used. SIMAFOR allows 
users to run previously parameterized models with datasets and silvi
culture defined by the users. It generates predictions of stand dynamics 
at tree and stand levels after each step (projection or harvest) in the 
silvicultural scenario. For faster results, we ran the simulations using the 
SIMANFOR version installed on the Caléndula High-Performance Com
puter (SCAYLE, 2019) at the University of León. 

The simulations were developed by following a sequence of case 
studies to validate the models. The first step evaluated diameter growth 
and calibrates the data as needed. The second step evaluated height 
growth; then the third and fourth steps evaluated survival and ingrowth 
submodels in a parallel manner based on the case studies mentioned in 
the previous section. After evaluating each case study, a modified sub
model with improvements (i.e., submodel calibration) or test imple
mentations (i.e., modification of the ingrowth threshold value) was 
created to develop a new case study and evaluate it. The simulation 
flowchart for the full model is shown in Fig. 1. 

In each simulation, plots from NFI2 are projected over 10 years 
(divided into 2 projections of 5 years each) to obtain the NFI3predicted 
data; plots from NFI3 were modified to make the time elapsed between 
NFI2 and NFI3 inventories equivalent to 10 years (as explained in the 
data section) and obtain the NFI3observed data. NFI3observed data was run 
on the SIMANFOR initialization process, which provides a larger dataset 
by inputting missing variables (i.e., dominant height) while preserving 
the original inventory data (i.e., diameter and height). While NFI2 data 
must be simulated again under the conditions of the different case 
studies to obtain NFI3predicted, NFI3observed data remains the same for all 
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of them. 
With these results, NFI3predicted and NFI3observed were ready for direct 

comparison. Although SIMANFOR also includes harvest simulation 
possibilities, this was not needed in our case studies. 

2.4. Statistical analysis 

The statistical analysis is based on direct quantitative comparison of 
the observed data (NFI3observed) with the predicted data (NFI3predicted). It 
follows a simple but efficient linear regression that generates a simple 
performance index indicating the prediction accuracy (Vanclay and 
Skovsgaard, 1997). We chose the concordance correlation coefficient 
index for continuous variables, also known as the Lin coefficient (Law
rence and Lin, 1989; Lin, 2000), to develop our analysis. With a random 
bivariant sample (x1, y1), (x2, y2), …, (xn, yn) from a random vector (X, 
Y) in R2, the concordance correlation coefficient index rc is defined as: 

rc =
2⋅sxy

s2
x + s2

y + (x − y)2  

where:  

- sxy is the sample covariance.  
- s2

x and s2
y are the sample variances.  

- x and y are the means of the two vector random samples. 

If r is shown to be Pearson's sample correlation coefficient, then: 

rc = r⋅Cb 

Where: 

Cb =

⎡

⎢
⎢
⎣

(

v + 1
/v + u2

)

/2

⎤

⎥
⎥
⎦

− 1  

v = sx
/

sy  

u = (x − y)/ ̅̅̅̅̅̅̅̅̅sx⋅sy
√

In addition, it has been verified that 0 < Cb ≤ 1, when Cb is the ac
curacy factor, and thus |rc| ≤ |r|. In other words, the concordance cor
relation coefficient index is always lower than or equal (module) to 
Pearson's correlation coefficient. Thus, Cb is a value that measures how 
far is the best-fit line is from the 45◦ line (where observations = pre
dictions), measuring accuracy; r is a value that represents how far is each 
observation from the best-fit line, measuring precision; and rc contains 
both information, accuracy and precision, in one single metric (Law
rence and Lin, 1989). 

The Lin coefficient value is related to a concordance degree between 
predictions and observations. Following the indications of Camacho- 
Sandoval (2008), a Lin coefficient value >0.99 in a qualitative classifi
cation indicates almost perfect concordance; from 0.95 to 0.99 indicates 
a substantial concordance level; from 0.90 to 0.95 indicates a moderate 
concordance level; and < 0.90 indicates a low concordance level be
tween predictions and observations. Using this approach, we can qual
itatively cluster the results of our predictions for easier visualization of 
the model improvement. 

To improve the concordance level of the predictions, we decided to 
calibrate the submodels to the correct shape following the method 
proposed by Bravo and Montero (2003). It consists of adding a cali
bration factor to the original submodel to adjust the scale. 

For this analysis, the diameter at breast height (dbh) and the total 
height (h) were studied to assess growth submodels using the tree 
datasets. Density (N), basal area (G) and dominant height (H0) were 
chosen as the most representative variables for assessing survival and 
ingrowth submodels using the plot datasets. SAS software was used to 
develop the statistical analysis (SAS-Institute, 2011). 

Fig. 1. Flowchart used to validate IBEROPT and IBEROPS models.  
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3. Results 

3.1. Diameter and height growth submodels 

The simulations developed with the original models showed some 
diameter and height growth projection biases for both the Maritime pine 
and Scots pine models. In both instances, the correlation between pre
dicted (NFI3predicted) and observed (NFI3observed) data was high, indi
cating that the models had a correct shape, but the accuracy of 
predictions had a low improvement margin (Table 1) that could be 
increased. To do that, both models were calibrated jointly in two steps. 
The diameter growth was calibrated first because it is needed to calcu
late tree height, and then height growth was calibrated using the 
diameter growth predictions obtained from the first step. This calibra
tion strategy follows the same procedure as previous works in this field 
(Bravo and Montero, 2003). 

The calibrated equations are shown next, with the resulting cali
brations highlighted in bold for Maritime pine (eq. 6) and Scots pine (eq. 
7) diameter growth submodels, and for Maritime pine (eq. 8) and Scots 
pine (eq. 9) height growth submodels. The calibrations improved the 
estimations (Table 1) based on the Pearson correlation coefficient (r), 
Lin concordance correlation coefficient index (rc), and accuracy factor 
(Cb), offering more accurate results.  

hi5 = 0.42+ e0.2160+0.4033⋅ln(dbhi5/2)− 1.1272⋅ln(dbh⋅10)+1.1810⋅ln(h⋅100)+3.0162⋅cr/100  

hi5 = 1.14+ e3.1222− 0.4939⋅ln(dbhi5/2)+1.3763⋅ln(SI)− 0.0061⋅bal+0.1876⋅ln(cr)/100  

where:  

- dbh is the diameter at breast height (1.30 m) (cm)  
- dbhi5 is the 5-year increment in diameter (cm)  
- h is the total height (m)  
- hi5 is the 5-year increment in height (m)  
- bal is the accumulated basal area of trees thicker than the subject tree 

(m2⋅ha− 1)  
- cr is the crown ratio (%)  
- G is the stand basal area (m2⋅ha− 1)  
- SI is the Site Index (m) 

Calibrating the diameter and height growth submodels increases the 
accuracy of the whole model, since dbh and h are used as independent 
variables in other submodels (i.e., crown, biomass or volume). A graphic 
description of that improvement is shown in Fig. 2, where the original 
and predicted data show the same distribution but different accuracies 
due to the calibration process. 

3.2. Survival and ingrowth submodels 

Once the growth submodels were calibrated, the survival and 
ingrowth submodels were evaluated for accuracy. Prediction accuracy 
for both submodels was assessed using N, G and Ho stand variables. The 
initial simulation after growth submodel improvement (calibrated 
model) indicated that high correlation and accuracy were high for the 
Ho prediction (r = 0.79681 and 0.89247, Cb = 0.98760 and 0.99264 for 
IBEROPT and IBEROOS, respectively), but lower for N and G (Table 1). 
Since Ho only represents a portion of the trees in the stand, that variable 
was not considered in the subsequent analysis. 

Evaluating the survival submodel involved establishing a threshold 
value based on stand density capacity, to decide when the submodel 
should be applied. The results obtained showed no improvements in the 
correlation coefficient or prediction accuracy between observed and 
predicted values (Table 2). The predictions also had a different density 

distribution than observed data, as can be seen in Fig. 3. The differences 
were related to the combined effects of the survival and ingrowth sub
models, which have independent effects on stand density but for the 
same projection period. 

Ingrowth submodels were evaluated based on two types of case 
studies. In one, removing the technical ingrowth slightly increased the 
accuracy of the N and G variable predictions of both models (Table 2) 
and the density distribution was closer to the observed data than prior 
case studies (Fig. 3). In the other, the case studies focused on changing 
the threshold value to 0.25, 0.5 and 0.75 did not alter prediction cor
relation and accuracy. This implies that modification of the threshold 
value has a weaker effect on predictions than expected. As in the sur
vival case study, the predictions also showed a different density distri
bution compared to observed data (Fig. 3). 

4. Discussion 

The methodology is based on direct quantitative comparisons of 
model predictions and observed values in the analysis of submodels for 
diameter, height growth, survival, and ingrowth. By comparing quan
titative predictions and observed data, we were able to adequately 
calibrate diameter and height growth submodels. Nonetheless, our 
approach was not effective for improving the accuracy of survival and 
ingrowth submodels. 

The approach used here is similar to that of other model evaluation 
studies (Moore, 2010; Roxburgh et al., 2019) and effectively improved 
growth submodel predictions. Bias errors were detected in the diameter 
and height growth submodels, which tended to underestimate tree 
growth. Schmid et al. (2006) and Pretzsch et al. (2002) reported similar 
findings using the SILVA simulator. When detected, two-step calibration 
was carried out to correct the biases of the diameter growth submodel 
first, and subsequently the biases of the height growth submodel. The 

Table 1 
Results obtained for the Pearson correlation coefficient (r), Lin concordance 
correlation coefficient index (rc), and accuracy factor (Cb) of the different 
growth equation case studies. Values modified after calibrations are in bold.   

IBEROPT IBEROPS   

dbh h dbh h 

original model r 0.92962 0.86296 0.96995 0.85744 
rc 0.86221 0.82141 0.83102 0.65214 
Cb 0.92749 0.95185 0.85677 0.76057 

dbh calibrated r 0.92973 0.86325 0.96990 0.85761 
rc 0.92727 0.80137 0.96317 0.65380 
Cb 0.99735 0.92832 0.99306 0.76235 

dbh and h calibrated r 0.92973 0.86336 0.97051 0.86006 
rc 0.92726 0.85454 0.96389 0.85719 
Cb 0.99734 0.98978 0.99318 0.99666  

dbhi5 = 1.18+ e0.2030⋅ln(dbh⋅10)+0.4414⋅ln((cr+0.2)/1.2 )+0.8379⋅ln(SI)− 0.1295⋅√G− (0.0007⋅bal2)/(ln(dbh⋅10) ))
/

10  

dbhi5 = 1.70+ e− 0.3711+0.2525⋅ln(dbh⋅10)+0.7090⋅⋅ln((cr+0.2)/1.2 )+0.9087⋅ln(SI)− 0.1545⋅√G− (0.0004⋅bal2)/(ln(dbh⋅10) ))
/

10   
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resulting calibration of both submodels led to a substantial improvement 
in the Lin's correlation coefficient value and prediction accuracy. 
Nevertheless, individual errors were still present in predictions, even 
when the mean growth of the whole population improved. Qualitatively, 
the concordance between predictions and observations increased from 
low to moderate and substantial levels for dbh, while height improve
ment was insufficient to reach the next level. In this case, the qualitative 
classification categories were originally developed for laboratory de
vices (Camacho-Sandoval, 2008), which require much higher levels of 
accuracy than can be obtained in forestry. So, this improvement is still 
interesting even though the level of agreement did not change. Some of 
the existing bias can also be linked to natural events. Temporal biases 
such as differences in weather conditions interacting annually on the 
study period can lead to overestimations or underestimations (Pretzsch 
and Dursky, 2001; Sterba and Monserud, 1997; Vospernik et al., 2010). 

Spatial biases are also frequent in relation to site-specific variability not 
assessed by the model (Sterba and Monserud, 1997). 

Estimation deviations related to tree size were present in both 
models. The original submodels showed a higher bias in the predictions 
for extreme diameter classes, which have a smaller database (<10 and >
40 cm), and greater accuracy in the remaining diameter classes (>10 
and < 40 cm) (Lizarralde, 2008). In our dataset, most individual trees 
were distributed across the intermediate diameter classes, so we were 
unable to assess predictions for extreme distributions. Extreme diameter 
predictions might be improved by applying the same methodology to 
data from extra-mature and young stands, thus dividing the sample into 
strata. In this way, the main submodel could be parameterized for each 
of the diameter classes studied, as proposed by Vanclay and Skovsgaard 
(1997). Calibrating these growth submodels is crucial, because diameter 
and height variables are used as independent variables to calculate most 

Fig. 2. Predicted (x-axis) and observed (y-axis) results developed with R for dbh and h of IBEROPT (green) and IBEROPS (orange), where both original and calibrated 
data are shown. The point cloud represents the value of each tree before (light green/light orange) and after (dark green/dark orange) calibration. The green/orange 
lines indicate the mean value and the red line is a reference of the zero error. Graph design is based on the recommendations of Piñeiro et al. (2008). (For inter
pretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
Results obtained for the Pearson correlation coefficient (r), Lin concordance correlation coefficient index (rc), and accuracy factor (Cb) of each case study of survival 
and ingrowth submodels: cal (model with growth submodels calibrated, used as reference); s_t (survival submodel with threshold); i_tech (ingrowth submodel without 
technical ingrowth); i_25, i_50, i_75 (ingrowth submodel with threshold as 0.25, 0.50 and 0.75, respectively).   

IBEROPT IBEROPS   IBEROPT IBEROPS 

N G N G   N G N G 

cal r 0.63443 0.71958 0.73423 0.79962 i_25 r 0.59762 0.74044 0.63154 0.78366 
rc 0.59384 0.59026 0.56554 0.60565 rc 0.51420 0.49817 0.48155 0.52338 
Cb 0.93602 0.82028 0.77025 0.75742 Cb 0.86041 0.67280 0.76250 0.66787 

s_t r 0.63581 0.72010 0.73348 0.80058 i_50 r 0.60060 0.74348 0.63148 0.78360 
rc 0.59561 0.59149 0.57580 0.61323 rc 0.51817 0.50412 0.48151 0.52345 
Cb 0.88959 0.82140 0.78502 0.76598 Cb 0.86275 0.67805 0.76251 0.66801 

i_tech r 0.57210 0.71917 0.63340 0.78816 i_75 r 0.60013 0.74483 0.63180 0.78077 
rc 0.54384 0.58506 0.53583 0.61580 rc 0.51825 0.50601 0.48260 0.52379 
Cb 0.95060 0.81352 0.84596 0.78131 Cb 0.86356 0.67936 0.76385 0.67086  
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of the basic variables, such as basal area, volume, or tree biomass. They 
are also the basis for estimating stand variables. 

A first analysis of the predictions for the stand variables studied (N, G 
and H0) showed a poor fit for the N and G variables and greater accuracy 
for the H0 variable, though a moderate fit was not achieved for any of the 
case studies. Since H0 provides information about productivity and is 
more dependent on height predictions (calibrated in the previous sec
tion), we did not include it in subsequent analysis. 

Stochastic mortality algorithms like the one studied here are more 
popular for assessing tree mortality than deterministic approaches, even 
though their calibration is more difficult to assess (Hawkes, 2000). In the 
original models, Bravo-Oviedo et al. (2006) reported good fits for the 
survival submodels studied here, though with some overestimation for 
the IBEROPT model and underestimation for the IBEROPS model. In our 
study, we assessed the implementation of a threshold factor based on 
stand density to determine when the submodel should be applied. The 
threshold value is based on the maximum stand carrying capacity under 
specific climate conditions (Rodríguez de Prado et al., 2020), thus 
making it possible to introduce climate limitations into the survival 
submodel. Our results showed negligible change in the accuracy of the 
predictions (Table 2), which can be linked to the model structure. Both 
IBEROPT and IBEROPS are distance-independent models, and inserting a 
threshold factor into the survival submodel follows a structure corre
sponding to distance-dependent models (Bravo-Oviedo et al., 2006). 
Fig. 3 shows a dissimilar prediction error distribution between the 
original and modified survival submodels, suggesting that inclusion of 
the threshold value had no effect on most of the plots. While Bravo- 
Oviedo et al. (2006) reported deviations in the original submodel pre
dictions, growth-dependence and disturbance-induced tree mortality 
can explain a portion of the biases (Bugmann et al., 2019; Zhu et al., 
2019). 

Similarly, the ingrowth submodel case studies showed no improve
ments with respect to the original model. The original ingrowth sub
models have a two-step structure of demonstrated utility (Bravo et al., 
2008) involving a probabilistic and a deterministic equation, with a 
threshold value that decides when the second one will be applied. 
Ingrowth in nature is the result of accumulated events and conditions 

from previous estimation years (Yang and Huang, 2015), which increase 
modelling difficulty. Bravo-Oviedo et al. (2006) reported low error in 
the original IBEROPT ingrowth submodel, and higher error in IBEROPS. 
We used case studies over the threshold value that followed the idea of 
Lexerød and Eid (2005) and Muhairwe (2003, in Yang and Huang 
(2015)), who used random numbers generated between zero and one to 
establish the threshold value instead of a pre-defined criterion. Our 
findings indicated low differences among the threshold values tested, as 
no important statistical differences were noticed among case studies. 
The higher values predicted by the probabilistic equation surpassed the 
various threshold values studied and provided similar results, as no 
modifications were introduced to the deterministic equation. Future 
work in this area should explore the possibility of refitting both sub
models using other approaches, such as Zero Inflated Poisson models 
(Bravo et al., 2017; Calama et al., 2011). 

In the case study where technical ingrowth was removed, the anal
ysis results were quite different. The degree of correlation between 
predicted and observed values was lower than the reference model and 
similar to Lin's coefficient value, thus increasing prediction accuracy. 
Though increased accuracy seems like a better result than the original 
model, it was not, because correlation decreased. Qualitatively, all case 
studies assessed for the survival and ingrowth submodels showed a low 
level of correlation between observations and predictions. 

One of the important differences in the study of survival and 
ingrowth submodels compared to growth models is the type of variables 
to which they are applied. Growth submodels are applied to tree-level 
continuous variables, allowing direct quantitative comparison of pre
dicted and observed values for each tree. Meanwhile, survival and 
ingrowth submodels are applied to tree-level variables but assessed by 
binary and continuous stand variables in a two-step process. Thus, both 
the errors and the lack of accuracy in these processes are the result of the 
accumulated individual errors for each tree in the stand. In addition, 
survival and ingrowth submodels both modify the same variable (N) at 
each projection, and events that can affect reality –climate disturbances, 
plant regeneration, grazing – are not included in them. This fact helps 
explain the high difference in the values of stand variable statistics (N, G 
and H0) compared to those of tree variables (dbh and h). 

Fig. 3. Errors between predicted and observed N stand values for IBEROPT (green) and IBEROPS (orange) among case studies: s (original survival submodel); s_t 
(survival submodel with threshold); I (original ingrowth submodel); i_tech (ingrowth submodel without technical ingrowth); i_25, i_50, i_75 (ingrowth submodel with 
threshold as 0.25, 0.50 and 0.75, respectively). Each case study is shown as a density and boxplot graph. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.) 
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However, the strength of this work is the development of a meth
odology to evaluate and validate models, thus including all the key 
submodels (growth, survival, and ingrowth), using statistics to assess 
both accuracy and precision of predictions in one single metric. For 
future work, this study has uncovered a series of points to improve:  

- Data variability must be reduced for better control of each situation. 
For example, a ‘dummy’ variable could be included to determine 
whether the stand is natural or a plantation (Palahí et al., 2003).  

- Stand age can be useful as a group data variable that facilitates 
adjustment of the submodels to different stand ages (Vanclay and 
Skovsgaard, 1997).  

- Sample size must be greater (Vanclay and Skovsgaard, 1997). In 
future work, data must be included from the 4th National Forest 
Inventory (NFI4), which was not available at the time of this anal
ysis. This will increase the amount of data and expand the simulation 
period from 10 to 20 years.  

- Submodels can also be rebuilt to improve their accuracy. For 
example, a combined survival-ingrowth submodel could be con
structed to manage stand density and reduce validation effort, as was 
done for a Quercus robur model (Anta, 2003). 

5. Conclusion 

In this work, a methodology for validating forest models (thus 
including growth, survival, and ingrowth) was designed and applied. 
Using consecutive measurements of the same dataset, a simulation was 
developed to compare predicted and observed values though a metric 
that assesses accuracy and precision in one single value. The IBERO 
model parameterizations for Pinus pinaster (IBEROPT) and Pinus sylvestris 
(IBEROPS) were evaluated. Diameter and height growth submodels were 
calibrated for various case studies and performance improved, but sur
vival and ingrowth submodel performance did not improve due to their 
complexity. Nonetheless, the improvement in both growth submodels 
enhances general model accuracy due to the importance of predicting 
tree and stand variables. Further development in this area is needed to 
stablish a robust methodology capable of evaluating and calibrating 
forest growth models. 
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