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In this study, for five sites around the world, we look at the effects of different model types and variable
selection approaches on forest yield modelling performances in an area-based approach (ABA). We compared
ordinary least squares regression (OLS), k-nearest neighbours (kNN) and random forest (RF). Our objective was
to test if there are systematic differences in accuracy between OLS, kNN and RF in ABA predictions of growing
stock volume. The analyses are based on a 5-fold cross-validation at five study sites: an eucalyptus plantation,
a temperate forest and three different boreal forests. Two completely independent validation datasets were
also available for two of the boreal sites. For the kNN, we evaluated multiple measures of distance including
Euclidean, Mahalanobis, most similar neighbour (MSN) and an RF-based distance metric. The variable selection
approaches we examined included a heuristic approach (for OLS, kNN and RF), exhaustive search among all
combinations (OLS only) and all variables together (RF only). Performances varied by model type and variable
selection approaches among sites. OLS and RF had similar accuracies and were more efficient than any of
the kNN variants. Variable selection did not affect RF performance. Heuristic and exhaustive variable selection
performed similarly for OLS. kNN fared the poorest amongst model types, and kNN with RF distance was prone
to overfitting when compared with a validation dataset. Additional caution is therefore required when building
kNN models for volume prediction though ABA, being preferable instead to opt for models based on OLS with
some variable selection, or RF with all variables together.

Introduction
The area-based approach (ABA) is commonly used in applications
of forest yield modelling with airborne laser scanning (ALS). In
this approach field, measured observations on plots are related to
remotely sensed observations for the same plots using a model.
Ordinary least squares regression (OLS) was predominately used
in early studies (Næsset, 2002, 2004), but machine learning
techniques such as k-nearest neighbour (kNN; Dudani, 1976) and
random forest (RF; Breiman, 2001) have also been used (Maltamo
et al., 2006; Packalén and Maltamo, 2006, 2007). These methods
increased in popularity recently (Pascual et al., 2019; Silva et al.,
2017; Görgens et al., 2015). An advantage of the kNN and RF
techniques is that they require less expertise to implement than

linear modelling approaches or other more complex machine
learning approaches such as neural networks and support vector
regression (see Hastie et al., 2009; Haykin, 2009). While being
straightforward to implement for practitioners, they are also
efficient in handling high-dimensional data, which is often useful
in remote sensing applications, and their requirement for more
computational time is less of an issue today due to the increase
in computing power.

kNN and RF methods have been used for prediction of both
individual tree attributes (Gleason and Im, 2012; Maltamo et al.,
2009; Vauhkonen et al., 2010; Yu et al., 2011) and plot-level
attributes (Latifi and Koch, 2012; Maltamo et al., 2006; Pack-
alén and Maltamo, 2007; Shataee et al., 2011). The principle
of kNN is to predict the target variable based on the closest
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observations in the training dataset (Dudani, 1976; Hastie et al.,
2009). In kNN, a distance metric is used to determine which k
training observations are nearest to the target value in terms
of the predictor variables. Parameters that the modeller must
decide for kNN include the number of nearest neighbours to
impute, how to measure distance and the weighting scheme
employed to average imputed values. The RF algorithm is based
on decision trees formed from resamples of the input data.
Each decision tree uses a randomly selected subset of both the
available predictors and observations. After training the model,
the average of the ‘forest’ of decision trees is used to predict new
observations.

OLS and machine learning models typically require a number
of decision and inspections which we will lump together as
‘parameter tuning’ steps. Correct specification of tuning parame-
ters for OLS and machine learning methods requires specialized
expertise. For regression analysis (OLS), for example, the analyst
must select variables, fit the model and perform various diag-
nostics. kNN models also benefit from careful variable selection
(Packalén et al. 2012) and the user must choose the number
of neighbours and the distance metric. RF, on the other hand,
has been shown to be less sensitive to variable selection (Belgiu
and Drăgu, 2016). There are a number of RF parameters than
can be tuned, although it is common for analysts to use the
defaults.

According to a review of kNN methods by Chirici et al. (2016),
k = 5 is the most frequent number of neighbours used in remote
sensing applications, although values in the range 1–10 are com-
mon. Euclidean and Mahalanobis distance are often applied as
distance metrics as they perform well relative to other meth-
ods and do not depend on response attributes, which makes
them simple and fast to compute. Canonical correlation analysis
(most similar neighbour–MSN; Moeur and Stage, 1995) and RF-
based distance metrics (Lin and Jeon, 2002) are also frequently
used. The weighting scheme used for prediction from multiple
neighbours (k > 1) is usually the inverse of the distances to the k
nearest neighbours.

In the case of the RF, Belgiu and Drăgu (2016) stated
that the number of trees used to train the models is usually
500 since it is the default value of the most popular RF
implementation, the randomForest package in R (see Liaw
and Wiener, 2002). Furthermore, an exploratory study by
Lawrence et al. (2006) showed that the error rates become
stable when the number of trees is close to 500. The other
parameters are normally set to the default values of the
software, which are similar to those proposed by Breiman
(2001). Thus, it is a common practice to train the RF model by
not allowing to split the trees with less than five nodes and
applying one-third of the available predictor variables in the inner
bootstrap.

The kNN and RF algorithms have some operational advan-
tages. They are multivariate, non-parametric and quick to
implement; however, they also have several limitations. Since
kNN and RF predictions are weighted averages of the training
data, the algorithms cannot extrapolate beyond the range of the
training data. kNN and RF methods also typically require a greater

number of training observations than parametric regression to
perform well. These methods work best if the training dataset
is large (e.g. thousands of observations) such that the full range
of population values is represented. The demand for training
observations also increases with the number of predictors due
to the ‘curse of dimensionality’ (Bellman, 1961). This issue is
very important for kNN, to which increasing the dimensionality
can cause the distance to the nearest neighbour to be barely
distinguishable from that of a distant neighbour, generating
a loss of ‘contrast’ among the distances (Beyer et al., 1999).
This problem can be further accentuated if the kNN model
uses ‘irrelevant variables’, which are redundant or have a low
correlation with the response variable (Blum and Langley, 1997).
Besides, irrelevant variables can also cause problems in the
inversion of positive definite matrixes, a required step in com-
putations of Mahalanobis and MSN distances (McRoberts et al.,
2017).

To reduce problems associated with high-dimensional data,
studies have used various strategies to select a subset of ALS
metrics in RF and kNN models. Many approaches can be applied
for this purpose (see Saeys et al., 2007), but it is common
to see implementations based on stepwise variable selection
(Breidenbach et al., 2010; Hudak et al., 2008; Maltamo et al.,
2006), correlation feature selection (García-Gutiérrez et al.,
2015), genetic algorithm (Latifi et al., 2010; Latifi and Koch, 2012;
McRoberts et al., 2015) or simulated annealing (Packalén et al.,
2012). Some researchers have suggested that RF may result in
overfitting in cases of irrelevant variables (Segal, 2004), so it
is common to see implementations of some form of variable
selection for RF in an ABA context (see Genuer et al., 2010). To
reduce dimensionality for RF applications, variables are often
selected based on their importance (Shi et al., 2018; Silva et al.,
2017).

OLS, kNN and RF are common methods for ABA forest
yield modelling in the literature, but there has not been a
systematic evaluation of the differences in accuracies between
these methods, especially when considering differences in
tuning strategies. The studies that we are aware of performed
comparisons with at most three datasets (Fassnacht et al., 2014;
Latifi and Koch, 2012; McRoberts et al., 2017), and most of
them focused on boreal or temperate forests (Maltamo et al.,
2006; Packalén et al., 2012; Packalén and Maltamo, 2007;
Shataeea et al., 2011). Additionally, each study employed its
own tuning approach so that comparisons among them are
difficult.

Our objective for this study is to identify whether there are
modelling and tuning strategies, which are optimal across a
broad range of conditions, including sites in North America, South
America and Europe, and to identify similarities and differences in
OLS, RF and kNN predictions among these datasets. To pursue this
objective, we fit models for growing stock volume (V, m3 ha−1)
from lidar data for each of these datasets using OLS, kNN and RF
using multiple tuning strategies. We then cross-validated model
performances using 5-fold cross-validation. We also evaluated
performances using independent validation datasets, which
were available for two boreal forest sites in Europe.
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Material and methods
Study areas and material
This work was conducted using datasets collected at five loca-
tions on three continents: a eucalyptus plantation in Brazil, boreal
forests in eastern Finland (Kolari) and northern Finland (Liperi), a
boreal forest in southern Norway and a mixed temperate forest
in South Carolina in the USA. The sites in Finland are referred
to by their municipality, Kolari and Liperi, while the other sites
are referred to by their country. Independent validation datasets
were available for the two sites Liperi (Finland) and Norway (see
section Accuracy assessment for additional details). A summary
of characteristics for each dataset is provided in Table 1. All of
the sites have also been used for previous studies; comprehensive
descriptions of study areas can be found in the primary articles
cited below.

The site in Brazil is a commercial plantation of hybrid eucalyp-
tus located in the state of Bahia (Packalén et al., 2011a, 2011b).
At the time of the lidar acquisition, the plantation was composed
of several even-aged stands, planted with the same spacing. The
tree ages were between 2 and 12 years, the tree heights varied
from 17 to 41 m and growing stock varied from 111 to 656 m3

ha−1.
The Kolari site is located north of the Arctic Circle, where the

forests mainly consisted of sparsely spaced Scots pines, although
Norway spruce and deciduous trees were also present (Kotivuori
et al., 2016). Tree heights ranged from 3 m to only 25 m, and
the growing stock were between 4 and 462 m3 ha−1, the lowest
range of volume per hectare of any of the sites.

The other Finnish site, Liperi, was located in eastern Finland,
where the forests were denser than Kolari and the trees achieved
heights greater than 30 m (Kukkonen et al., 2019). The amount
of spruce and pine stands was relatively similar with a minority
of deciduous stands. The tree heights ranged from 6 to 41 m,
while the growing stock varied from 20 to 797 m3 ha−1 in this
dataset.

The Norwegian boreal site is located further south than the
Finnish sites and had considerably larger differences in elevation
than the two sites in Finland (Gobakken et al., 2013). The forests
were dominated by Norway spruce due to the better fertility of
the soils. The tree heights ranged from 4 to 37 m, while the
growing stock varied from 4 to 692 m3 ha−1.

The site in the USA was a mix of pine plantations and mixed
native hardwoods with a total of 62 different species present on
the plots (Strunk et al., 2017). Tree heights for this site ranged
from 5 to 38 m and the growing stock in this dataset had the
greatest range, from 2 to 1227 m3 ha−1.

The ALS metrics used for each dataset were prepared for
previous studies (referred to in Table 1) using different data pro-
cessing software and therefore differ between the sites. How-
ever, the available ALS metrics were comparable among all sites,
representing the vertical return distributions, density metrics,
return intensity and return numbers. All of them are described
in Appendix 1.

Growing stock modelling
The same variable selection and modelling protocols were used
for each of the five datasets (Brazil, Kolari, Liperi, Norway, Ta
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USA). For simplification, we use the term ‘training’ hereafter
to refer to both OLS model fitting and the construction of
non-parametric models. Each of these approaches was paired
with variable selection schemes that were applied every time
a model was trained. The same heuristic selection of five
predictor variables was used for OLS, kNN and RF (section
Heuristic variable selection), while other variable selection
approaches differed by model type. The choice of five predictors
was a compromise between not overfitting the OLS models and
having an adequate number of predictors for the nonparametric
methods. The specifics of each variable selection approach and
modelling scheme are described in greater detail in the following
sections.

OLS modelling

The OLS models were based on Formula (1), in which the square
root transformation of the response variable was applied to avoid
problems of heteroscedasticity. Because of this transformation,
the back-transformed value requires a correction for bias. Accord-
ing to Gregoire et al. (2008), the residual variance of the models
was added as described in Formula (2).

√
Vi = βi0 + βi1xi1 + · · · + βimxim + εi (1)

V̂i =
(√̂

Vi

)2

+ σ 2 (2)

where Vi and V̂i are the observed and the predicted timber
volume (m3 ha−1) of the plot i = 1, 2, . . . , n; β ij is the model
parameter j = 0, 1, . . . , m of the plot i; xij is the predictive variable
j = 1, 2, . . . , m for the plot i; εi is the random error for plot i; and
σ 2 is the residual variance of the model (m3 ha−1).

Two approaches were used for variable selection for OLS. The
first was a machine-learning based Heuristic approach (OLS_He),
which means that the derived models are just for prediction pur-
poses since statistical assumptions related to the linear models
were ignored. In this approach, we used a five-predictor model
(m = 5, see Formula (1)) and the predictors were defined by the
heuristic variable selection algorithm (detailed in section Heuris-
tic variable selection). The second variable selection approach
used for OLS was an all combinations Exhaustive search algo-
rithm (OLS_Exh) implemented in the R statistical environment
(R Core Team, 2020). The best model met the following three
criteria: smallest relative root mean squared error (RMSE%, For-
mula (3)), considering the constraints that estimated parameters
are significantly different from zero (t-test, α = 5 percent), and
variance inflation factors (VIF) are less than 10 (Myers, 1989).
A three-predictor model (m = 3, see Formula (1)) was used in
OLS_Exh due to computational limitations. RMSE% was com-
puted as

RMSE (%) = 100 ∗ V
−1

√√√√∑n
i=1

(
Vi − V̂i

)2

n
(3)

where Vi and V̂i are, respectively, the observed and predicted
timber volume (m3 ha−1) for plot i = 1, 2, . . . , n; V is the observed
mean volume (m3 ha−1).

kNN modelling

As shown by Packalén et al. (2012) and McRoberts et al. (2015),
the prediction accuracy of kNN is sensitive to the choice of dis-
tance metric. For this reason, we tested four commonly used
distance metrics: Euclidean distance (kNN_Euc), Mahalanobis
distance (kNN_Mah), Most Similar Neighbour (kNN_MSN) and a
distance metric based on the Random Forest proximity matrix
(kNN_RF). All the approaches were trained using k = 5. The pre-
dicted values were obtained as weighted means of the k neigh-
bours where the weights were 1/(1 + d), d being the distance
between a neighbour and the target. kNN models were trained
using the yaImpute package (Crookston and Finley, 2015) with
the default parameters besides distance metric and k. Given
the large number of potential ALS-derived auxiliary variables, we
used a heuristic variable selection routine (detailed in section
Heuristic variable selection) to choose five ‘good’ ALS metrics
for each kNN model.

RF modelling

RF modelling was performed using the randomForest package
(Liaw and Wiener, 2002) with all training parameters set to their
default values, since they are well established in the literature
(Belgiu and Drăgu, 2016; Breiman, 2001). The default number
of random trees was 500, the default number of predictors
randomly selected to grow a tree from each node was one-third
of the available predictors, and the default minimum number of
nodes was five for each tree. Latifi and Koch (2012) reported that
having a large number of predictor variables is not an issue in RF.
To confirm this finding, RF was used both with a Heuristic variable
selection with five variables (RF_He; detailed in section Heuristic
variable selection) and using all the available predictor variables
(RF_All).

Heuristic variable selection
Heuristic variable selection was performed with the simulated
annealing metaheuristic (Kirkpatrick et al., 1983) adapted by
Packalén et al. (2012) for kNN modelling. We also use the same
variable selection algorithm (Algorithm 1) for kNN, OLS and RF.
The idea behind a metaheuristic strategy is to find a ‘good’
solution for a given ‘cost function’ iteratively, by making changes
in a given initial solution (see Talbi, 2009). In our case, a solution
(S) is any set of five variables used to train a model, and the cost
function (fcost) is the RMSE% obtained by computing the residuals
of the trained model respective to a given solution (Formula (3)).

Algorithm 1. Variable selection by simulated annealing, where
n is the number of iterations, i is the number of the current
iteration (i = 1, 2, . . . , n), T0 is the initial temperature, T is the
current temperature, S0 is the initial random solution, S is a
temporary solution, S′ is a neighbour solution of S, Sbest is the
best solution found until the iteration i, fneighbour is the neighbour
function, fcost is the cost function, c is the associated cost of S, c′

is the cost associate of S′, cbest is the associated cost of Sbest.
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The changes to the solution are induced by the neighbour-
hood function (fneighbour), which produces an alternative solution
(‘neighbour solution’, S′) based on the current solution and the
proportion of iterations (1) that were performed (i/n, being i = 1, 2,
. . . , n and n the total number of iterations). Initially, the algorithm
randomly replaces two-thirds of the variables in the current solu-
tion with different variables. The number of variables replaced
in each iteration is reduced over the duration of the variable
selection until only one variable at a time is replaced after achiev-
ing 80 percent of the iterations. The parameter temperature (T)
controls the probability of accepting non-improving solutions,
where this probability decreases with the temperature. The initial
temperature is high to allow exploring different solutions, and
then decreases throughout the iterations in a process known as
‘cooling’. In our adaptation, it decreased linearly until achieving
80 percent of the iterations, where the temperature was set to
a very small positive value. With this configuration, the solution
with the lowest error found is exploited in the last 20 percent
of the iterations to produce a better neighbour solution so that
temporary solutions with higher errors are no longer allowed. The
initial temperature (T0) and the number of iterations (n) were set
to 0.2 and 500, respectively. The routine was implemented in the
R environment.

Accuracy assessment
The combinations of modelling type and variable selection
approaches resulted in a total of eight approaches including

OLS_Exh, OLS_He, kNN_Euc, kNN_Mah, kNN_MSN, kNN_RF,
RF_All and RF_He. The performances of these approaches were
assessed for each study area using cross-validation and for two
sites using an independent validation. The relative RMSE (RMSE%,
Formula (3)) and squared Pearson’s correlation computed from
validation predictions were used to evaluate performances.

Cross-validation was implemented using a 5-fold approach
in which a given dataset is randomly split into five evenly sized
disjoint sets (‘folds’). In each iteration, one of these folds was
omitted and a new model was trained with the remaining data to
predict the volume of the omitted fold. The fivefolds were com-
bined after the five iterations, and the RMSE% was computed.
The entire 5-fold cross-validation was performed 100 times for
each site, and the mean RMSE% was used as a final measure
to obtain a better view of the real accuracy, as the randomness
involved in the variable selection process is decreased. The inter-
vals containing 95 percent of the RMSE% values were also used
for comparison.

Independent test datasets that were available for two sites
(Liperi and Norway) were used for additional validation. For
each site, a new model was first trained using the full dataset
previously used in their respective cross-validations, and the
resultant models were used to predict volume to the testing
datasets. Finally, RMSE% was computed both for training and
testing datasets. This process was repeated 100 times. The mean
RMSE% and the intervals containing 95 percent of the errors were
also used for accuracy assessment.

As a final assessment for each approach, we used the training
dataset one more time to train a showcase model to predict vol-
umes to the testing dataset so that we could provide figures with
observed versus predicted values and compute squared Pearson
correlation (r2). For the approaches where the heuristic variable
selection was used, we also provide the progress of the cost
function during the optimization, where the temporary solutions
were applied to predict volume to the training and testing dataset
and compute their respective RMSE% in each iteration.

Results
Overall, all eight modelling approaches demonstrated relatively
similar accuracies for most of the datasets in the 5-fold cross-
validation (Figure 1). We saw increasing Mean RMSE% values for
forest conditions with greater heterogeneity in forest composi-
tion (see section Study areas and material). For example, the
greatest relative errors were observed for the temperate forest
conditions in the USA dataset (RMSE = 34–46 percent), which also
had the greatest observed variation in structure and species.
The Brazil site is very homogeneous, especially in contrast to
the USA, and had the smallest RMSE% values, ranging from
9 to 14 percent. The complexity of the boreal forests (Kolari,
Liperi and Norway) fell between Brazil and the USA; they had
RMSE% values ranging from 19 to 30 percent. Additionally,
the 95 percent intervals for RMSE% for all prediction methods
overlapped for the USA dataset. This means that inferences about
the relative performances of the tested prediction approaches
are less certain for this site, although the trends in performances
generally supported the inferences we made from other
datasets.
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Figure 1 Mean accuracy of the modelling approaches by forest sites assessed through 5-fold cross-validations repeated 100 times. Each bar represents
the mean of the relative RMSE% values obtained at the end of the 5-fold cross-validations for a given modelling approach. The whiskers represent
intervals containing 95 percent of the RMSE%.

The patterns in performance relative to modelling approach
varied by dataset, but there were consistent patterns observed
across datasets. Our results suggest that mean RMSE% varied
little amongst modelling approaches examined. The greatest
variation in performance was amongst methods for the USA
where kNN_RF and RF_He had a difference of approximately 5
percent in mean RMSE%. This was consistent with other sites in
that kNN models almost exclusively performed poorer (had larger
RMSE% values) than OLS and RF, and that OLS and RF generally
performed similarly. There was only one exception where kNN
performed better than other methods: for the USA, kNN_Euc
performed better than OLS methods, while other kNN models
performed worse than OLS for the USA. kNN_Euc consistently had
the best performances amongst kNN distance metrics across all
sites. Other kNN distance metrics did not demonstrate obvious
trends, and their relative performances amongst kNN methods
varied by site.

OLS and RF generally performed similarly across all sites
(RMSE%). OLS performed better for Brazil and Norway, RF
performed better for Kolari and the USA, and the result for Liperi
was mixed. However, differences amongst OLS and RF were very
small, with a maximum of 3 percentage points difference (USA),
and most differences were less than 2 percentage points. The
difference within methods (OLS_Exh versus OLS_He and RF_ALL
versus RF_He) were generally also very small (<2 percentage
points).

The validation at Liperi’s and Norway’s external datasets
had RMSE% values ranging from 24 to 34 percent (Figure 2).
These errors were greater (3 to 5 percentage points) than the
cross-validation errors. In Liperi, validation on independent
data demonstrated a similar pattern in performance to cross-
validation (see Figure 1), where the best RF and OLS methods had
nearly identical performances, kNN had the largest errors, and

Figure 2 Mean accuracy of the modelling approaches by forest sites
assessed through validations repeated 100 times. Each bold line and bar
represents, respectively, the mean of the relative RMSE% values obtained
at the end of the validation with the application of a trained model to the
training and testing dataset. The whiskers represent intervals containing
95 percent of the RMSE%.

kNN_Euc performed best amongst kNN distances. Independent
validation for Norway differed slightly in that kNN_Euc and
kNN_RF performed similarly to OLS and RF models. Interestingly,
the relative performance of RF_He clearly differed between the
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Figure 3 Observed and predicted values for testing and training datasets from Liperi.

two sites, performing better than all other methods in Norway,
and performing worst amongst OLS and RF methods for Liperi.
Furthermore, most of the testing errors followed a similar pattern
as the training ones. The greatest difference was observed for
kNN_RF, which had notably smaller RMSE% values for the training
than for the testing datasets, showing that RF distance metric in
kNN had a clear tendency for overfitting.

The relative agreement between observed and predicted
values of the showcase models can be see for training and
validation sets in Figure 3 (Liperi) and Figure 4 (Norway). As
might be expected, the agreement between predicted (x-axis)
and observed (y-axis) values was better for the training dataset
than for the validation dataset. The r2 values for the training
datasets ranged from 0.89 to 0.96 and for independent validation
datasets ranged from 0.82 to 0.89. As was observed with RMSE%,
OLS and RF methods generally perform the best, and there is
evidence that kNN_RF has a tendency to overfit the training
dataset. For Liperi, kNN_RF performed the best for the training
dataset (r2 = 0.94), but performed among the worst with respect
to the validation dataset (r2 = 0.82). In Norway, a similar decline
for kNN_RF was observed where the agreement (r2) between
predicted and observed values was greater than for any other
methods at 0.96 in the training dataset, but dropped to 0.88
for the validation dataset, which is in the middle amongst
other methods for the Norway validation dataset. According
to the testing correlation, the best approaches for the Liperi
dataset were the OLS and RF models with OLS_He and RF_All
reaching r2 = 0.87 and 0.86, respectively. Most approaches had
comparable performance for the Norway dataset where the best
performances were achieved for RF_All and RF_He, both having
r2 = 0.89.

Figures 5 and 6 show the RMSE% values during the heuristic
variable selection progresses for the Liperi and Norway datasets,
respectively. As a general pattern, the error values for the train-
ing datasets (black) decrease monotonically with the number
of iterations. However, RMSE% values for the testing datasets
(grey) are erratic and do not necessarily improve with number of
iterations, which suggests that heuristic variable selection may
not be suitable for some modelling approaches.

Despite the kNN_RF having the smallest final RMSE% for the
training dataset for both Liperi and Norway, it had the largest
differences between testing and training errors. The pattern of
kNN performances for test datasets was highly erratic relative
to their testing error progress and did not show the desired
systematic improvement. OLS_He and RF_He showed systematic
improvements in testing error as a result of each iteration of this
variable selection and had a less erratic progress than kNN-based
models. These two approaches also had the smallest final RMSE%
values for the testing datasets. The differences between the
initial and final RMSE% values were larger for the Liperi dataset
than for the Norway dataset. The latter also had fewer steep
decays. The exact patterns in Figures 5 and 6 vary each time
that models are trained because the heuristic variable selection
approach is stochastic in nature.

Discussion
This work demonstrates similarities and differences in ABA vol-
ume prediction performances between OLS, kNN and RF methods
for datasets collected around the world (northern Europe, North
America and South America). While the results differ among
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Figure 4 Observed and predicted values for testing and training datasets from Norway.

Figure 5 Optimization progress for the variable selection during the model training with the Liperi dataset. The errors were computed with the
temporary solutions applied to the training and testing datasets.

datasets, it was possible to distinguish some patterns, which
should prove helpful to researchers and practitioners.

Our first inference is that kNN methods were generally system-
atically less precise than OLS and RF. Better performance for RF

relative to kNN has also been demonstrated in previous studies
(Fassnacht et al., 2014; Latifi and Koch, 2012; Tompalski et al.,
2019). Possible explanations are that kNN has many parameters,
which need tuning, that kNN is more sensitive to correct tuning,
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Figure 6 Optimization progress for the variable selection during the model training with the Norway dataset. The errors were computed with the
temporary solutions applied to the training and testing datasets.

and that the default kNN tuning parameters are less generic
than those for RF. RF default parameters, in contrast, seem to
work well across a wide variety of datasets. For example, Shataee
(2013) demonstrated that exhaustive tuning of kNN parameters
led to smaller errors for a Euclidean-based kNN than for an RF
model. McRoberts et al. (2017) showed that kNN performance
improves greatly through parameter tuning, which also reduced
the variation in performances among kNN distance metrics. In
contrast, studies which tune RF parameters are less common in
the ALS literature (Shataee, 2013; Shataee et al., 2011; Shi et al.,
2018), and the results with respect to specific tuning parameters
and their effects on performances are still unclear. Therefore,
it is common to use the RF with the parameters set to default,
since they appear to produce sufficiently robust models (Belgiu
and Drăgu, 2016). However, it is important to highlight that
the parameter tuning by itself cannot guarantee a reasonable
performance since many factors influence a model’s accuracy,
such as the inherent properties of the dataset (Fassnacht et al.,
2014). Besides, the full parameter tuning is time-consuming
and considerably increases the computational complexity of
the analysis as well as the required technical capacity of the
analyst.

Establishing a comparison between our results and the ones
available in existing literature was not a straightforward task
since all of the studies had procedural differences in their imple-
mentation. Our results concerning the performance of kNN dis-
tance metrics disagree with some other studies. We found that
kNN_Euc performed best under cross-validation, while kNN_RF
was among the worst and with a clear indication of overfitting.
Other studies found that kNN_Euc was outperformed by other

techniques like kNN_MSN and, especially, kNN_RF (Hudak et al.,
2008; Latifi et al., 2010; McRoberts et al., 2017). Both of them
were considered the most robust distance metrics in some stud-
ies (Packalén et al., 2012; Shataee et al., 2011; Vauhkonen et al.,
2010).

The first reason for this difference in findings may be related to
differences in the model performance assessment. Earlier studies
often applied leave-one-out cross-validation (LOOCV) (Latifi et al.,
2010; Packalén et al., 2012; McRoberts et al., 2017), which is
a specific type of cross-validation in which a single observation
is omitted each time. The use of a 5-fold cross-validation, in
contrast, may provide a more robust set of validation data for
detection of model overfitting. A related factor is that more com-
plex models have a greater tendency to overfit the data (Hastie
et al., 2009). Since kNN_MSN and kNN_RF are more complex
than the kNN_Euc, it may be that studies using LOOCV reported
performances resulting from overfit models. Lastly, kNN_MSN
models are usually applied for simultaneous prediction of several
response variables, such as species-specific volume prediction
(Packalén and Maltamo, 2007; Vauhkonen et al., 2010). In such
scenario, the kNN approaches would probably perform better, as
the predictions are guaranteed to remain logical.

Another inference from our results relates to practical consid-
erations of heuristic and exhaustive variable selection procedures
for OLS. Our results showed that OLS models for both heuristic
and exhaustive variable selection have similar performances, but
they differ in some respects. A heuristic approach to variable
selection can handle a much greater number of explanatory
variables, and is more flexible with respect to model formulations
including handling non-linear forms, and can be easily optimized
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for a wide range of loss functions. On the other hand, the stochas-
tic process involved in the simulated annealing caused higher
variation in the OLS_He errors. The exhaustive variable selection,
although having smaller error ranges, quickly becomes compu-
tationally infeasible for large numbers of explanatory variables.
The computational cost of training OLS_Exh increases factorially
with the number of explanatory variables and with the number
of variables to search for, and may hence be infeasible for high
dimensional datasets.

Among RF methods, RF_He had comparable results to RF_All
in most situations. This confirms that, to a degree, RF is robust
to overfit when dealing with high dimensional data (Belgiu and
Drăgu, 2016). Our findings suggest that variable selection may
not be needed for some applications of RF.

The cross-validation and validation with independent data are
traditionally focused on the performance of a specific model,
where a model with the same predictors is trained and used
to predict values to the holdout folds or testing dataset. Differ-
ently, our assessment was focused on the modelling approach
itself wherein the variable selection was also repeated before
predicting the next holdout fold or testing dataset. The fact
that these processes were repeated 100 times increased the
robustness of inferences regarding the comparisons of modelling
approaches and their efficiency. This methodology is therefore
strongly recommended for future works that intend to test or
compare modelling approaches, even if it is more computation-
ally intensive.

This study demonstrates the importance of validation, espe-
cially independent validation. Even with a fairly intensive cross-
validation scheme that uses 20 percent of the data for hold-
out validation, the results suggest that our approach still over-
estimates model performances. Part of this difference may be
the result of differences in the conditions as the training and
validation sites, but the divergence in reported performances
deserves further investigation. While the use of an independent
validation dataset is the ideal way to assess model performance,
it is rarely available in practice (Araujo et al., 2005). Despite the
divergence between cross-validation and independent valida-
tion, our study suggests that the cross-validation can generally
still provide information on the relative performances amongst
methods, although we were not able to identify overfit by the
kNN_RF method. Other assessment approaches which can pro-
vide reliable errors when validation datasets are not available
include block cross-validation (see Roberts et al., 2017) or leaving
out spatial clumps of observations, instead of choosing holdout
data at random from across the study areas (Kotivuori et al.,
2016, 2018). Despite that, Roberts et al. (2017) showed that a
cross-validation with random folds can provide fair error esti-
mates when a model is developed only to predict to a dataset
with the same structure, which is a situation that fits to our
assessment.

Our findings agree with the results of Fassnacht et al. (2014),
who found that the accuracy of ABA-based predictions is influ-
enced by the modelling approach. Therefore, our results are of
great importance to remote sensing experts that need to con-
struct accurate ABA maps of the growing stock volume or above-
ground biomass. The main results were consistent regardless of
variations in ALS metrics computed for the different study sites,
as the metrics still represented similar variations in vertical and

horizontal canopy structure despite differences in computational
methods. The differences between methods are considerably
smaller than the differences between datasets, but we showed
that they are systematic, and some methods are slightly better
in ABA applications than others. For example, the RF_All with
default parameters is robust across multiple forest types and
can be reliably applied to high-dimensional datasets without
time-consuming variable selection processes. OLS methods can
provide similar accuracy and might be preferred over RF_all in
situations where it is important to interpret how individual pre-
dictors influence the predicted values. We did not test the effects
of number of training observations in this study, but it is known
that OLS tends to be more reliable for small data sets (e.g.
<100 observations). Finally, we showed that kNN methods are
suboptimal in situations where there is only a single response
variable.

Conclusion
This study compared OLS, kNN and RF modelling strategies in
combination with multiple variable selection strategies for the
prediction of growing stock volume in five forests around the
globe. RF and OLS models performed better than kNN mod-
els, although the maximum difference was about 4 percentage
points, and generally less. These results suggest that RF or OLS
are preferable for estimating volume from ALS data. In addition,
kNN based on RF distance was especially problematic due to
its strong tendency to overfit, which was not detected with a
5-fold cross-validation, but became clear during the validation
with an independent test data. kNN based on Euclidean metrics
outperformed other kNN approaches across all study areas.

In the case of the OLS methods, the heuristic variable selection
was shown to perform as well as the more time-consuming
exhaustive search, which is especially advantageous in the case
of high-dimensional data where the exhaustive search algorithm
may not be feasible. We did not observe an improvement to RF
from using variable selection, which suggest that RF is a robust
approach for practical applications.
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Comparison of linear regression, k-nearest neighbour and random forest methods

A. Appendix 1
A list of the ALS metrics by data set. The abbreviations consist
of a prefix that specifies the metric type, a statistic indicator
and a suffix showing the return type. The prefixes are the height
(H), intensity (I), percentage of below fractional height bin (B)
and return percentage above fixed height (D). The statistic indi-
cators for height and intensity metrics are the minimum (min),

mean (mean), maximum (max), standard deviation (std), median
(med), skewness (skew), kurtosis (kurt), variance (var), mode
(mode), coefficient of variation (cv), interquartile distance (iqd),
average absolute deviation (aad), the n-th L-moments (mom)
and the number x related to the x-th height percentile. The
subscripted suffixes indicate that the metric is computed from
first and single return (F), or last and single returns (L), while no
suffix refers to all returns.

Dataset No. of metrics Metrics

Brazil 18 H10F H30F H50F H70F H90F H95F HmeanF HstdF D10F D30F H10L H30L H50L
H70L H90L H95L HmeanL HstdL

Kolari 84 D1F D2F D3F D4F D5F D6F D7F D8F D9F D10F D11F D12F D13F D14F D15F D16F
D17F D18F D19F D20F D21F D22F D23F D24F H5F H10F H15F H20F H25F H30F
H35F H40F H45F H50F H55F H60F H65F H70F H75F H80F H85F H90F H95F H99F
HmaxF HmeanF HstdF D1L D2L D3L D4L D5L D6L D7L D8L D9L D10L D11L D12L
D13L D14L D15L D16L D17L D18L D19L D20L D21L D22L D23L H50L H55L H60L
H65L H70L H75L H80L H85L H90L H95L H99L HmaxL HmeanL HstdL

Liperi 58 HmaxF HminF HstdF HmedF HmeanF HskewF HkurtF ImaxF IstdF ImedF
ImeanF IskewF IkurtF H10F H30F H50F H70F H90F I10F I30F I50F I70F I90F
D0.5F D2F D5F D10F D15F D20F HmaxL HminL HstdL HmedL HmeanL HskewL
HkurtL ImaxL IminL IstdL ImedL ImeanL IskewL IkurtL H10L H30L H50L H70L
H90L I10L I30L I50L I70L I90L D0.5L D2L D5L D10L D15L

Norway 23 HcvF HmaxF HmeanF H0F H10F H20F H30F H40F H50F H60F H70F H80F H90F
B0F B10F B20F B30F B40F B50F B60F B70F B80F B90F

USA 53 Hmax Hmean Hmode Hstd Hvar Hcv Hiqd Hsquew Hkurt Haad Hmom1
Hmom2 Hmom3 Hmom4 H1 H5 H10 H20 H25 H30 H40 H50 H60 H70 H75 H80
H90 H95 H99 B1 B5 B10 B20 B25 B30 B40 B50 B60 B70
Others:

Percentage of first returns above 1.5 m
Percentage of all returns above 1.5 m
Ration between all returns above 1.5 m and the total of first returns
Number of first returns above 1.5 m
Number of all returns above 1.5 m
Percentage of first return above Hmean
Percentage of first return above Hmode
Percentage of all return above Hmean
Percentage of all return above Hmode
Ratio between all returns above Hmean and the total of first returns
Ratio between all returns above Hmode and the total of first returns
Ratio between first returns and all returns
Ratio between first and all returns
Ratio between second and all returns
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