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 A B S T R A C T

Optimising bioeconomy-related ecosystem services requires more detailed forest information. One option is 
to go towards individual-tree-based precision forestry. Although many national airborne laser scanning (ALS) 
programmes can detect individual trees and predict their attributes, training the necessary models remains a 
challenge. Ideally, each site covered with ALS would have its own reference data, but this requires measuring 
millions of trees nationwide per every country-level ALS scan. Instead of always collecting site-specific training 
data, an alternative is to transfer individual tree models from other sites. This approach relies on good model 
transferability that ensures accurate and realistic estimates. This study tested the transferability of individual 
tree diameter at breast height (DBH) and stem volume models combining national laser scanning data and the 
random forest method in Finland. The model that was trained with coordinate information benefitted from 
training data that were collected within the range of 500 km. The root mean squared error (RMSE) and bias 
magnitude of the model that was trained without the coordinate information started to increase after 300 km, 
but the increase could be cancelled by using coordinates as predictor features. Furthermore, when the models 
were evaluated outside the area for which they were trained, the errors increased at a rate between 0.27–0.28 
cm/100 km in RMSE in DBH prediction and 8.08–13.18 dm3/100 km in stem volume prediction. The same 
values for bias magnitude were 0.39–0.42 cm/100 km in DBH prediction and 8.32–12.01 dm3/100 km in stem 
volume prediction. The increase in training set size slightly slowed the rate. Quick convergence of RMSE was 
observed in a test in which small amounts of target site data were included in the training data. The same 
was also observed for bias magnitude, although the results were not as good as with RMSE.
1. Introduction

Forests are central to modern sustainable bioeconomy, offering a 
wide range of economic, ecological, and social ecosystem services. 
These include providing timber and biofuel, serving as crucial habitats 
for biodiversity, offering recreational opportunities, producing food 
such as berries and mushrooms, and playing a vital role in climate 
regulation (Kettunen et al., 2012). However, inaccurate data on forest 
resources and biodiversity can lead to poor management decisions, 
resulting in significant economic and social repercussions (Haara et al., 
2019). Key tree attributes measured in forest inventories typically 
include stem volume, biomass, height, and species, but also diameter 
at breast height (DBH) and stem curve. The inventories are based on 
remote sensing data covering large areas, field plots used for training 
and testing the models, and predictive models used for deriving the 
association between the remote sensing data, mainly airborne laser 
scanning (ALS) data and field plots (Hyyppä et al., 2020a). In Finland, 
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a typical area-based inventory requires about 500 field reference plots 
for model training (Niemi et al., 2015).

Although area-based forest inventories based on aggregated tree 
characteristics (Næsset, 2002) are standard in Scandinavia, they do not 
provide crucial information on the tree size distribution. Historically, 
adopting an individual tree approach (Hyyppä and Inkinen, 1999) has 
been deemed too demanding mainly for computational reasons. How-
ever, a significant shift is underway. Hyyppä et al. (2024) demonstrated 
the feasibility of a nationwide individual tree forest inventory, a system 
now extended to encompass six billion trees in Finland (metsakanta.fi) 
and most probably one of the world’s largest forest inventory databases. 
This system is built upon Finland’s second national laser scanning 
programme (2020–2025) which provides comprehensive coverage with 
a density of five points per square metre. The third national programme 
(starting in 2026) promises an even higher resolution, with around 20 
points per square metre. This coincides with the Finnish Forest Centre’s 
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commitment to making both individual tree and area-based forest data 
accessible to all forest owners. In relation to ALS acquisition, Finland 
is divided into 137 production areas with the average size of 2550 
km2. Collecting the manual reference data is, however, slow and costly. 
Therefore, the amount of manual labour should be minimised either by 
developing fully automatic field inventory techniques or by developing 
models that are applicable to as large areas as possible. The latter 
promotes studying the model transferability on a national scale.

While much of the research effort has been focused on the trans-
ferability of area-based models and allometric models, limited effort 
has been put into studying the transferability of individual tree models 
based on ALS and individual tree approach. Karjalainen et al. (2019) 
and Korhonen et al. (2019) studied this using the same data between 
their studies but different methods containing three test sites all located 
in Eastern Finland. The linear mixed-effect model used by Korhonen 
et al. (2019) was found to be more robust against the increase in 
relative root mean squared error (RMSE%) than the 𝑘 nearest neighbour 
method used by Karjalainen et al. (2019), but less robust against 
changes in bias. Korhonen et al. (2019) observed that transferring the 
linear mixed-effect model for Scots pine attributes over a distance of 
less than 100 km increased the RMSE% by 1.3–6.5 %-points, depending 
on the attribute and the target site. They also tested how collecting a 
minimal sample of data from the target plots improved the prediction 
accuracy, and observed an average decrease of around one %-point in 
RMSE%.

Past research on individual tree model transferability has reported 
the growth in error when models are transferred over spatial range in 
a discrete manner in a limited area with limited data. In this study, 
the error change rate is studied on a national scale, which greatly 
expands the study area compared to previous studies. The aim is to 
support future individual tree data collection campaigns by optimising 
the number of reference sites needed in large-area inventories with 
minimum loss of accuracy and by determining the area inside of which 
the model accuracy does not suffer from transferring. The research 
questions are as follows. (1) What is the maximum radius for training 
data beyond which the model prediction capability declines? (2) How 
does spatial separation between training and prediction areas influence 
model accuracy? (3) What is the quantitative impact of local calibration 
data on prediction accuracy within the study area? The random forest 
method (Breiman, 2001) is used as the regression method and any 
algorithmic development is excluded from the study.

2. Related studies on prediction and transferability

In the past ten years, model transferability in ecological context 
has been studied extensively. Model transferability refers to the ability 
of a predictive model to predict accurately using input data collected 
from different premises, such as point-in-time, location, or device. Such 
models are desirable, as they save time, labour, and money (Yates et al., 
2018), but often, the prediction ability is impaired when the models 
are transferred, even though the input data are seemingly similar to 
the data to which the model was fitted. Drivers of impaired prediction 
accuracy of transferred models have been recognised, and they can be 
categorised as originating from modelling choices (van Ewijk et al., 
2020; Tompalski et al., 2019; Latifi and Koch, 2012; Sumnall et al., 
2024), different sensors (Tompalski et al., 2019; Kotivuori et al., 2016), 
different ecological conditions (Kangas et al., 2023; Cysneiros et al., 
2021; Lines et al., 2012; Schneider et al., 2018), and differences in 
point-in-time (Domingo et al., 2019; Kangas et al., 2020).

Some models are more resistant to changes in input data than 
others. Yates et al. (2018) discussed upon several issues related to 
model transferability. One of the issues is the risk of overfitting to local 
conditions when using complex models instead of simpler ones. Yet, 
they mentioned that complex models are more suited for modelling 
complex phenomena, and the better transferability of simple models 
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does not guarantee correct predictions. Van Ewijk et al. (2020) com-
pared a simple ordinary least squares model with a more complex 
random forest algorithm when predicting forest attributes over a long 
distance in Canada. They observed mixed results between the two 
modelling approaches in their test scenarios, but they mentioned that 
the random forest algorithm is less robust to site-specific differences 
in the modelled forest attribute. Tompalski et al. (2019) compared 
how least squares regression, random forest, and 𝑘 nearest neighbours 
models transfer over a distance of approximately 350 km in South-West 
Canada. They discovered that the least squares regression and random 
forest models transfer better than the 𝑘 nearest neighbours method, but 
the results depended on the modelled attribute.

Sensors and data collection techniques improve over time. Constant 
developments in ALS devices include the increase in pulse repetition 
rate (Yu et al., 2006) and the inclusion of multiple wavelengths and 
multiple returns (Pfeifer and Briese, 2007; Takhtkeshha et al., 2024). 
The use of uncrewed aerial vehicle-based sensors has increased the 
density of point clouds and the accuracy of forest inventories (Hyyppä 
et al., 2020b). Tompalski et al. (2019) studied how dissimilarities in 
ALS point clouds affect the model transferability. They found that 
simpler models are more robust against changes in point cloud density, 
but more complex models produce more accurate predictions over-
all. Kotivuori et al. (2016) observed that the different ALS devices have 
some effect on prediction accuracy.

Different ecological conditions affect the way forests grow (Bonan 
and Shugart, 1989). Thus, a model developed for a large area, such as 
a country, may not work optimally if different ecological conditions 
are not included in the model. Kangas et al. (2023) studied how 
tree allometry changes as a function of different ecological drivers. 
They observed that temperature sum is a significant variable in tree 
volume allometric equations, but soil type (mineral or peatland) is 
usually not. Lines et al. (2012) examined the effect of various climatic 
and environmental variables on tree height-DBH and crown diameter-
DBH ratios of 26 tree species in Spain. One of their observations was 
that trees become slenderer in warmer temperatures. This would have 
immediate consequences on transferability, as tree height is known to 
be a strong predictor of DBH and stem volume (Yu et al., 2011). Schnei-
der et al. (2018) tested how climate change affects tree stem taper 
and volume of five tree species in Canada. The model equation for 
stem taper benefitted from the inclusion of climatic variables, such as 
30-year mean annual and seasonal values of temperature, rain, and 
snowfall.

3. Data and methods

3.1. ALS data and individual tree delineation

The ALS data used in this study originate from the Finland’s nation-
wide laser scanning campaign (National Land Survey of Finland, 2020) 
which commenced in 2020 with the goal of covering the entire country 
over a six-year period. For operational purposes, the country was 
systematically divided into approximately 50 km × 50 km production 
areas, each scanned independently. 16 production areas were selected 
from different parts of the country for this study, and they are referred 
as sites. The sites are plotted in Fig.  1(a). They were laser scanned in 
the summer of 2022 and 2023 at an altitude ranging from 1265 m to 
2100 m above ground level to ensure a point density of five points per 
square metre on average. That is, the distance between laser points on 
the ground was on average no more than approximately 0.4 m for all 
production areas. Different scanners from Riegl (Riegl GmbH, Horn, 
Austria) and Leica (Leica Geosystems AG, Heerbrugg, Switzerland) 
were used for the acquisitions. Table  1 presents their characteristics. 
The resulting point clouds were quality checked and classified into 
classes representing, for example, ground, vegetation, buildings, and 
noise before delivery. In this study, only ground and vegetation points 
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Table 1
Sensor characteristics for the sensors used in ALS surveys. The divergence is at 1∕𝑒2. NIR = near infrared.
 Riegl VQ-780II Riegl VQ-780II-S Riegl VQ-1560II-S Leica Hyperion2+  
 Point accuracy /precision 20/20 mma 20/20 mma 20/20 mma 50 × 130 mm/NAb 
 Beam divergence 0.25 mrad 0.23 mrad 0.23 mrad 0.23 mrad  
 Wavelength NIR NIR NIR 1064 nm  
 Max. field-of-view/used 60◦/40◦ 60◦/40–48◦ 58◦/40◦ 20–40◦/40◦  
 Multipulse Yes Yes Yes Yes  
a 1 sd. dev. @ 250 m altitude.
b Vertical × horizontal accuracy, 1 sd. dev. @ 1000 m altitude.
Table 2
Treewise features derived from the point clouds. Two models were tested: one with coordinates (𝑥𝑙 and 𝑦𝑙) and 
one without. The rest of the features were shared by both models.
 Feature Description  
 xl, yl Tree coordinates in the ETRS-TM35FIN projection  
 Hmax Tree height  
 Hmean, Hstd, Hskew, Hmode Mean/st. dev./skewness/mode of vertical treewise point distribution 
 Gele Ground elevation  
 cSlope Mean value of third component of the normal vectors to crown 

surface triangulations
 

 lowBranch Height of the lowest branch  
 crownH, crownA, crownV Crown height, area and volume  
 Hp10–95 Six percentiles of vertical treewise point distribution between 

10%–95%
 

 D5–9 Five cumulative distribution function values of vertical point 
distribution between 50%–90% of the height between 2 m above 
ground and treetop

 

 O, F, L, M Ratio of only/first/last/intermediate returns to all vegetation returns 
 min_int, mean_int, std_int Minimum/mean/st. dev. of point intensity of all points  
 min25_int, mean25_int, std25_int Same but below the 25th height percentile  
 min80_int, mean80_int, std80_int Same but above the 80th height percentile  
were used. These points were then normalised in height by removing 
the ground elevation from the laser height for further analyses.

Considering the fact that point density of ALS data was relatively 
low, individual tree detection was carried out with a simple algorithm 
based on a canopy height model. The algorithm started with the 
creation of a canopy height model by finding the maximum values of 
normalised points within a raster image with a resolution of 0.5 m 
× 0.5 m. The canopy height model was further smoothed by filtering 
to eliminate the variations in the canopy surface. Then, the tree tops 
were searched with local maximum filtering followed by a watershed 
transformation for crown delineation using detected tree tops as control 
markers. The tree segmentation process is discussed in more detail 
in Hyyppä et al. (2024). In a previous study by Kaartinen et al. (2012), 
the method was found to be superior to manual segmentation and 
many other segmentation methods. Moreover, current deep learning-
based segmentation methods require denser point clouds with more 
than 50–100 points per square metre (Wielgosz et al., 2024; Xiang 
et al., 2024), which justifies the use of raster-based tree segmentation 
method developed for sparse point clouds.

Various features were derived from the point clouds bounded by 
the delineated crown polygons. Table  2 tabulates the features used 
in model training. Importantly, two types of models were tested: one 
without coordinate features and one using the coordinates as features. 
The features involving intensity were scaled in each site by subtract-
ing the mean value and dividing by the standard deviation (z-score 
normalisation) in order to mitigate dissimilarities between the sensors.

3.2. Reference data

Reference data collection and measurements were carried out in the 
summer of 2022 and 2023 in the same sites as ALS acquisitions. A small 
3 
portion of 19 plots were already manually surveyed in 2021, which 
causes one leap year between the manual survey and the ALS survey 
in some plots in Alavus and Tervo. The error caused by this is assumed 
to be negligible. Sample plots were selected for each site representing 
the range of forest conditions of the site, including mature and young 
stands, as well as pine-, spruce-, and birch-dominated and mixed stands. 
Scots pine (Pinus sylvestris), Norway spruce (Picea abies), downy and 
silver birch (Betula pubescens, Betula pendula) are the main tree species 
in Finland. Field measurements were conducted in all sample plots. 
For each sample plot, diameter at breast height (DBH) was manually 
measured for all trees with a DBH greater than 2.5 cm (in some plots, 
the limit was 3 cm) using callipers.

Tree height for selected trees was measured manually. The height of 
the rest of the trees was obtained by modelling using different methods 
and models. In the first method, the height was predicted from the laser 
scanning data and calibrated by the following model 
Hcal = 𝑎Hlaser + 𝑏, (1)

where Hcal is the calibrated tree height, Hlaser is the height by laser 
scanning, and 𝑎 and 𝑏 were determined using trees whose height 
had been measured manually. The model was developed separately 
for different production areas and tree species. The second method 
consisted of the Näslund model (see e.g. Mehtätalo et al. (2015)) or 
the models by Eerikäinen (2009). The species was recorded by visual 
identification.

The stem volume was calculated using the measured DBH and 
height values as input to allometric equations that closely resemble the 
standard Finnish allometric model by Laasasenaho (1982). Lately, Kan-
gas et al. (2023) showed that the parameters of the equations vary 
throughout Finland. Thus, their two-variable model was evaluated for 
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Fig. 1. 1(a): Location of the test sites. The shaded areas mark the distribution of the test plots within the sites. 1(b) and 1(c): Soil types and 30-year average 
temperature sum (1961–1990). The coordinates are in the ETRS-TM35FIN projection.
Source: The data are obtained from Natural Resources Institute Finland (2024) and Finnish Meteorological Institute (2016).
the reference stem volume to account for the spatial variability of 
the reference volume values. The model relates the DBH and height 
measurements to stem volume, but allows spatial dependency through 
the input variables soil type and 30-year average temperature sum. 
Only the fixed-effect part of the model was used, and the dataset option 
was set to scanned because that model matched the closest to the 
collection time of our reference data. Data for the soil type and tem-
perature sum were obtained from Natural Resources Institute Finland 
(2024) and Finnish Meteorological Institute (2016), respectively, and 
the models are reported in the study by Kangas et al. (2023).

The improved equations were evaluated for 99.6% of the trees in 
the dataset, and they resulted in a change with an RMSE of 0.2, 12.4, 
and 1.3 dm3 for pine, spruce, and birch, respectively, when compared 
to the original Laasasenaho equations. The remaining 0.4% of the trees 
had no soil type data or were of tree species other than pine, spruce, 
4 
or birch. The stem volume reference for those trees was modelled with 
the models published in Tomppo et al. (2011), and the volume of trees 
that could not be associated with the soil type data was predicted with 
the original equations of Laasasenaho (1982). Tables  3 and 4 present 
descriptive statistics for each site, and Fig.  1 illustrates the study site 
locations, temperature sums, and soil types.

3.3. Linking ALS data to reference data

The linking between the detected trees and the field-measured trees 
was carried out based on the method presented in Yu et al. (2006). The 
idea is to find the nearest pair of trees between the detected trees and 
field-measured trees. A pair is determined based on the distance in an 
𝑛-dimensional feature space within a certain threshold. In this study, 
the method was applied in a three-dimensional space based on 𝑥 and 𝑦
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Table 3
Descriptive statistics for the study sites. Average and standard deviation (in 
parentheses) reported. 
 Site No. plots No. trees Height [m] DBH [cm] Volume [dm3] 
 Sodankylä 192 11 774 12.3 (3.7) 16.2 (6.5) 168.8 (169.1) 
 Kolari 198 12 251 13.4 (3.8) 18.9 (7.1) 236.6 (228.3) 
 Savukoski 183 9 612 12.3 (3.6) 17.5 (6.7) 192.8 (204.6) 
 Rovaniemi 204 11 831 13.8 (3.4) 17.4 (6.0) 197.6 (171.8) 
 Oulu 204 11 828 16.3 (4.1) 19.9 (7.0) 304.6 (256.5) 
 Vaala 163 9 667 14.3 (4.2) 16.8 (6.3) 205.5 (210.0) 
 Ristijärvi 199 11 696 15.0 (3.6) 18.5 (7.1) 258.3 (255.2) 
 Juuka 168 10 918 19.6 (4.6) 22.5 (7.1) 441.2 (349.5) 
 Tervo 181 9 942 21.2 (5.4) 22.7 (7.8) 507.3 (432.1) 
 Alavus 203 12 075 18.9 (5.1) 21.0 (7.2) 393.1 (347.3) 
 Kurikka 154 10 055 18.9 (4.8) 21.7 (7.3) 409.8 (339.2) 
 Heinävesi 169 11 203 20.8 (5.1) 22.6 (7.5) 483.8 (387.1) 
 Juva 173 10 856 20.6 (5.1) 23.1 (7.7) 500.8 (416.0) 
 Pori 189 14 132 19.4 (4.7) 22.2 (7.4) 434.3 (355.9) 
 Lahti 148 8 355 21.2 (5.3) 22.8 (7.8) 509.2 (426.8) 
 Turku 150 9 069 20.2 (4.7) 23.7 (7.5) 503.2 (370.1) 
 Total 2878 175 264 NA NA NA  

Table 4
Survey times for each site.
 Site Manual survey time ALS survey time 
 Sodankylä June–October 2023 July 2023  
 Kolari June–August 2023 June 2023  
 Savukoski July–August 2023 July 2023  
 Rovaniemi May–October 2022 June–July 2022  
 Oulu May–September 2023 June 2023  
 Vaala May–September 2022 June 2022  
 Ristijärvi May–September 2023 June 2023  
 Juuka May–September 2022 August 2022  
 Tervoa May and August 2021, May–September 2022 July 2022  
 Alavusa June–July 2021, May–August 2022 June 2022  
 Kurikka May–September 2023 June 2023  
 Heinävesi May–August 2023 June 2023  
 Juva May–August 2022 June–July 2022  
 Pori May–September 2022 June 2022  
 Lahti May–August 2022 June–July 2022  
 Turku May–August 2023 May–June 2023  
a 15 plots (847 trees) in Alavus and four plots (265 trees) in Tervo had a leap year 
between the ALS and manual survey.

coordinates and tree height. If a detected tree was the closest tree to a 
field-measured tree and vice versa within a distance threshold of 3 m, 
a successful match was found.

3.4. Random forest regression

The random forest algorithm (Breiman, 2001) trains a forest of 
predictor trees and outputs the average of the prediction of each tree 
as the final predicted value. The forest benefits from trees whose pre-
diction errors do not correlate with each other (Ghojogh and Crowley, 
2023). Independence is achieved by inputting a bootstrap sample of 
the training data for each predictor tree and by randomly selecting a 
number of features at each splitting node. There were three hyperpa-
rameters that were tuned in this study. They control the number of 
features randomly chosen at each node (max_features), the number of 
predictor trees (n_estimators), and the minimum number of samples 
in a leaf node (min_samples_leaf). The random forest algorithm was 
implemented using Python’s scikit-learn v. 1.2.2 library.

In order to avoid overfitting to local forest features, the three 
hyperparameters were optimised with a five-fold cross-validation using 
300 training samples per site, which resulted in separate data set 
with a total of 4800 training samples. The set was discarded after 
the hyperparameter optimisation. The following hyperparameter values 
were considered for each response variable and data set with and 
without coordinates:
5 
• n_estimators: 100, 200, 300, 400
• max_features: log2 (=5), sqrt (=6), 10
• min_samples_leaf: 3, 5, 10.

The cross-validation results showed that the number of predictor 
trees had very little effect on the cross-validation metric (RMSE). 
The best hyperparameters were a combination of the same values 
for max_features and min_samples_leaf and different values for n_
estimators. Thus, a set of hyperparameters with the highest-ranking 
combination of max_features and min_samples_leaf with minimum n_
estimators was chosen. This reduced the training time of the model. 
Table  5 shows the hyperparameter combinations.

Table 5
Cross-validation results for hyperparameter choice.
 Resp. variable n_estimators max_features min_samples_leaf Test RMSE Train RMSE 
 DBHa 200 10 3 3.54 cm 1.83 cm  
 DBHb 200 10 3 3.49 cm 1.79 cm  
 Stem volumea 100 10 3 127.2 dm3 66.8 dm3  
 Stem volumeb 100 10 3 124.7 dm3 65.6 dm3  
a Without coordinates.
b With coordinates.

3.5. Error metrics

Two error metrics and their relative versions are used to compare 
the results. RMSE is defined as

RMSE =

√

√

√

√

1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖)2 (2)

RMSE% = RMSE
1
𝑛
∑𝑛

𝑖=1 𝑦𝑖
× 100%, (3)

where 𝑦̂𝑖 is the predicted value for DBH or stem volume, and 𝑦𝑖 is the 
corresponding reference value. Bias is defined as the difference between 
the mean reference value and the mean predicted value

bias = 1
𝑛

𝑛
∑

𝑖=1
(𝑦𝑖 − 𝑦̂𝑖) (4)

relative bias = bias
1
𝑛
∑𝑛

𝑖=1 𝑦𝑖
× 100%. (5)

The magnitude of bias refers to its absolute value.

4. Results

This section presents results for three test scenarios. In the first 
test, a model for a target site was trained by incrementally adding 
training sites to the training data set, always choosing the closest first, 
then the second closest, and so on. This procedure was repeated for 
each site. The second test was performed at the same time. In it, each 
trained model was evaluated at the remaining auxiliary target sites 
that were not in the training set or the original target site of the first 
test. The procedure for choosing the training sites is illustrated in Fig. 
2 and in the video in Appendix  B. The third test was run separately. 
It demonstrated a minimal working setup, where a model was trained 
with one training site at three different distances, and then some on-
site data from the target site were mixed with the training data. Some 
results are compared with a model that is trained using a certain 
percentage of on-site data only and referred as the baseline model. In 
particular, the two-fold cross-validated results using 50% of on-site data 
for training and 50% for testing are referred as the baseline values.
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Fig. 2. Illustration how the training sites were chosen in the first and second test. 2(a): First iteration when Lahti is the original target site. 2(b): Eighth iteration. 
The radius measures the maximum distance between the original target site and the furthermost training site. The distance to auxiliary target sites was calculated 
as the average distance between each training site and the auxiliary site.
4.1. Target site data not included in the training data

The results for the first test show how the test error changes when 
no data from the target site were included in the training data, but 
the closest training sites were incrementally added to the training set. 
At each increment, a new training site was added to the training set, 
its distance was recorded, the model was retrained, and then evaluated 
with the target site. When all 15 training sites were added, the observed 
minimum error for the current target site was subtracted from each 
error value in order to standardise the error values between each 16 
target sites. Thus, the values in Fig.  3 show the error increase above 
the minimum error per site in 100 km intervals for both the model that 
uses coordinates as features and for the model that does not.

The RMSE values of DBH prediction in Fig.  3(a) show that both 
models improve up to radii between 200–300 km. After that, the model 
not using coordinates starts to degrade, while the model that uses 
coordinates stays close to zero increase in RMSE. The minimum is 
observed between 400–500 km, although the increase in error stays 
almost constant, and near zero, after 200 km for the model that uses 
coordinates. In stem volume RMSE in Fig.  3(b), the increase in RMSE 
behaves similarly to the DBH error values. The two models begin to 
deviate after 300 km, and the model that uses coordinates obtains 
its minimum between 400–500 km, although almost as good RMSE is 
obtained already with radii between 200–300 km.

The decrease in bias magnitude is more pronounced for the model 
that uses coordinates both in DBH prediction in Fig.  3(c) and in 
stem volume prediction in Fig.  3(d). However, the decrease is less 
pronounced compared to the RMSE values. The bias magnitude of the 
model that does not use coordinates decreases until 200 km in DBH 
prediction and until 300 km in stem volume prediction. As with the 
RMSE values, the bias magnitude of the model that uses coordinates 
stays near the minimum after reaching it around 200–300 km, but the 
bias magnitude of the model that does not use coordinates increases 
after reaching its minimum.

As the panels in Fig.  3 show, the interval between 300–400 km 
is the radius where the RMSE and bias magnitude stop decreasing 
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in practise. Therefore, 400 km was chosen as the optimal distance 
between the prediction accuracy and the amount of data used for 
training. Fig.  4 draws the baseline errors and the increase in RMSE% 
and relative bias magnitude on a map when the models were trained 
with the 400 km training set radius. The results are from the model 
that uses coordinates, since at the radius of 400 km, it always produced 
smaller bias and RMSE values than the model that was trained without 
coordinates, thus being the better of the two models. On average, the 
radius was 349 km (min. 240 km, max. 391 km), and it included 9 
training sites. Fig.  4(e) illustrates the number of training sites for each 
original target site.

As the panels show, the increase in RMSE% when not including on-
site data is larger with stem volume than with DBH (on average 1.3 
%-points versus 0.8 %-points). The horizontal coordinate line 7.1 × 106

divides the RMSE% values into two groups: north to the line, all DBH 
(stem volume) RMSE% values are ≥ 17.2% (36.5%), south to the line 
the values are ≤ 16.2% (31.1%) when the baseline error and the 
increase in error due to distant training data are summed. The number 
of training sites correlates negatively with the increase in error. The 
Spearman correlation between the number of training sites and RMSE% 
increase is −0.25 with DBH and −0.10 with stem volume.

Figs.  4(c) and 4(d) show that the relative bias magnitude increases 
significantly when data from the target site are not included in the 
training data (2.2 %-points in DBH and 3.5 %-points in stem volume 
prediction). Unlike RMSE%, the increase in the relative bias magnitude 
is more uniformly distributed. The correlation between the training set 
size and bias magnitude increase is −0.55 with DBH and −0.31 with 
stem volume.

4.2. Species and incremental convergence

The error convergence using 10% training data increments was 
tested using the same radius and training sites as in Fig.  4. In each train-
ing site, the data were sampled with 10% increments ranging between 
5%–95%. Each increment was randomly sampled three times always 
retraining the model. The model was trained with coordinates, and its 
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Fig. 3. 3(a) and 3(b): The distribution of RMSE values above the site-wise minimum RMSE as a function of training set radius. 3(c) and 3(d): The same results 
for bias magnitude.
Fig. 4. 4(a) and 4(b): The increase in RMSE% when using data collected outside the target site with the target radius of 400 km. The number in parentheses is 
the corresponding two-fold cross-validated baseline value (unit in %). The marker is scaled and coloured according to the increase marked above the baseline 
value (unit in %-points). The coordinates are in the ETRS-TM35FIN projection. 4(c) and 4(d): The same for relative bias magnitude. 4(e): The number of training 
sites when the target training set radius was set to 400 km.
Source: The borders are adapted from Finnish Meteorological Institute (2016).
prediction error was recorded for pine, spruce, and birch (=99.6% of 
the data), as well as for the whole data set. The two birch subspecies, 
silver birch and downy birch, were analysed together. Fig.  5 shows the 
error convergence.

Fig.  5(a) shows that all species benefit from increasing data in 
DBH prediction, but the decreasing average RMSE plateaus practically 
7 
at 35%. Fig.  5(b) shows the same results for stem volume. Pine and 
spruce benefit substantially more than birch whose range of average 
improvement is only 3 dm3. The bias magnitude in DBH and stem 
volume prediction in Figs.  5(c) and 5(d) show that the average bias 
magnitude does not considerably improve when more training data are 
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Fig. 5. 5(a) and 5(b): The average RMSE as a function of training data increments. 5(c) and 5(d): The same for bias magnitude. Note that it is possible for the 
total bias magnitude to be smaller than the combined bias magnitude of pine, spruce, and birch because of removing the negative values when calculating the 
separate magnitudes of each species.
added. The analysis shows that birch produces the largest RMSE and 
absolute bias values.

4.3. Robustness of prediction with distant training data

The second test was performed simultaneously while calculating the 
prediction error increase for each original target site. While incremen-
tally adding the closest training sites of the original target site to the 
training data set, the prediction error increase was also calculated for 
each auxiliary target site that was neither the original target site nor 
in the training data set. The average distance between each site in the 
training set and the auxiliary test site was calculated, and the minimum 
error value for each site was subtracted in order to standardise the 
error increase values between all the test sites. The increase in error 
was averaged inside a 100 km sliding window between each auxiliary 
test site. Fig.  6 shows the average error increase for training set sizes 
of 1, 3, 5, and 7 sites.

The RMSE values in Figs.  6(a) and 6(b) show that the larger the data 
set, the smaller the error stays with distant training data, although with 
the most extreme distance and with some mid-range intervals, some 
smaller data sets produce better results. The use of coordinates gives 
no significant advantage over the model that does not use coordinates.

With bias magnitude increase in Figs.  6(c) and 6(d), the use of 
coordinates slightly slows the bias magnitude increase with large data 
sets of five and seven sites, and with moderate distances of less than 600 
km. The effect is more noticeable with DBH bias magnitude compared 
to stem volume bias magnitude. The small data sets of one and three 
sites become almost as biased with distances of over 400–500 km.
8 
Regardless of the training set size, RMSE and especially bias mag-
nitude grow significantly as a function of distance, and the size of the 
set does not effectively protect against the degradation of prediction 
accuracy. Table  6 collects the slopes of the linear trends fitted for data 
set sizes of one and seven sites. The fits are plotted in Appendix  A.

4.4. Inclusion of on-site calibration data

The third test tested a minimal working setup in which a model 
was trained with one site at an approximate distance of 200, 400, and 
575 km. Then, 𝑝 percentage of on-site calibration data were mixed with 
the training data. Each increment in 𝑝 was resampled, and the model 
was always retrained. Each increment was repeated five times for each 
target site, and the average of each run and target site was calculated. 
The same procedure was repeated for a model that used only on-site 
data, so that 𝑝 percentage was used for training and 1 − 𝑝 percentage 

Table 6
The mean slope values for the model using coordinates. The bootstrapped 95 
% confidence interval is reported in brackets. The unit is for DBH is cm/100 
km and dm3/100 km for stem volume.
 One site Seven sites  
 DBH/RMSE 0.28 [0.24, 0.32] 0.27 [0.19, 0.33]  
 Stem volume/RMSE 13.18 [10.99, 15.73] 8.08 [6.34, 9.63]  
 DBH/bias magnitude 0.42 [0.36, 0.48] 0.39 [0.29, 0.49]  
 Stem volume/bias magnitude 12.01 [9.48, 14.68] 8.32 [5.88, 10.70] 
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Fig. 6. 6(a) and 6(b): The average increase above site-wise minimum in RMSE as a function of distance. Training sets with 1, 3, 5, and 7 sites tested. 6(c) and
6(d): the same for bias magnitude.
for testing. This model is called the baseline model. Fig.  7 shows the 
results.

The decrease in RMSE in DBH prediction in Fig.  7(a) shows that 
when no data from the target site are mixed with the training data, the 
errors are large. After including only 5% of the on-site data, the models 
using coordinates are rather indistinguishable from the baseline model. 
The models that do not use coordinates continue to improve, but never 
reach the baseline model.

With the stem volume RMSE values in Fig.  7(b), the results show 
that models trained with a close training site (200 km) slightly outper-
form the baseline model. When 20% of the on-site data are mixed with 
the training data, the distant models (>200 km) perform equally with 
the baseline model. The models that do not use coordinates perform 
better than with DBH prediction, and even reach the baseline model. 
Unlike the RMSE values, the bias magnitude never reaches the baseline 
magnitude both with DBH and stem volume prediction. Interestingly, 
the models whose average distance between the target site and the 
training site is 400 km appear to be more biased than those who are 
trained with training sites whose average distance is 575 km. This 
might be caused by some exceptionally biased models.

5. Discussion

5.1. The predictions are locally precise, but biased, and not robust far away 
from the training data area

The first test helps in determining the area inside which the col-
lected training data can be used to train a good model for that specific 
area. The results imply that a model for individual tree attributes pre-
dicts accurately when its training data are collected within the radius of 
400 km. The average (minimum and maximum) increase compared to a 
model that only uses on-site data is 0.8 (0.1–1.9) %-points in RMSE% in 
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DBH prediction and 1.3 (−0.2–3.6) %-points in stem volume prediction. 
Beyond that radius, the accuracy of the model that uses coordinates as 
predictors does not substantially improve or degrade. The accuracy of 
the model that does not use coordinates degrades already after 300 km. 
This contradicts the findings of Kotivuori et al. (2016) who noted that 
the use of coordinates did not improve their linear model of area-based 
volume. However, their model used only two regression features, which 
might have decreased the impact of coordinates.

Even with the optimal training set radius, the models trained with 
data collected outside the target site are heavily biased. On average 
(minimum and maximum), the increase in relative bias magnitude 
is approximately 2.2 (0.7–5.0) %-points in DBH prediction and 3.5 
(−0.1–8.7) %-points in stem volume prediction compared to a value 
obtained from a two-fold cross-validated baseline model using only 
on-site data.

Previous studies have reported results where a model trained for one 
area was evaluated in two nearby areas, such that the setup resembled 
the first test of this study. In those tests, the amount of data was not 
varied, and the minimum error was not sought. A comparison shows 
that the results of this study regarding RMSE% are better than those 
observed earlier. The results by Karjalainen et al. (2019) suggest an 
average increase in RMSE% between 2.7–3.1 %-points in DBH predic-
tion and 7.2–8.9 %-points in stem volume prediction when predicting 
outside the training area. Similarly, Korhonen et al. (2019) reports an 
increase of 3.8 %-points in RMSE% in DBH prediction. In this study, the 
average increase in RMSE% was 0.8 %-points in DBH prediction and 
1.3 %-points in stem volume prediction. The results of this study were 
achieved with considerably larger training data set (approximately 65 
000–134 000 samples versus less than two thousand), which is most 
likely the main reason why the transferred predictions are better in 
this study. For bias magnitude, Karjalainen et al. (2019) obtained an 
average increase between 1.3–1.4 %-points in DBH prediction and 
0.4–4.0 %-points increase in stem volume prediction, while Korhonen 
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Fig. 7. 7(a) and 7(b): The decrease in average RMSE as a function of mixing proportion 𝑝. 7(c) and 7(d): The same for bias magnitude.
et al. (2019) observed an increase of 5.6 %-points in bias magnitude 
when predicting individual tree DBH. The average values obtained in 
this study were between those observed earlier, but the variation was 
large and there were smaller and considerably larger values.

With a radius smaller than 400 km, not enough sites were included 
in the training set, and the accuracy was suboptimal. In this study, it 
was not possible to test whether the results had been better if more 
data were included within a smaller radius. This is because of limited 
number of sites. In contrast, had there been fewer sites, such that very 
little data would have been inside the 400 km radius, the limit would 
probably have stayed the same. This is because the more distant, and 
thus worse, data would have not included better training samples, as 
was shown in this study in the first test. The 400 km radius is an 
optimum between the amount of data that needs to be collected and 
the area that the collected data cover.

While the first test tested how well the model performs inside the 
radius induced by the training sites, the second test tested how well 
the model trained with the same data set could be used outside the 
area. Unfortunately, the results were not good. The training set size did 
not effectively protect against the degradation of prediction accuracy 
caused by the distance between the target site and training sites, as the 
growth rate was more or less the same. This is observed in Fig.  6 and 
Table  6. This emphasises that, in order to collect a good training set for 
individual tree attribute prediction, the data should be collected close 
to the target sites.

5.2. Model calibration using on-site data rapidly improves the accuracy

While the results of the second test could be used to support 
systematic nationwide field reference collection, the third test showed 
that existing data could be augmented with data from the target site 
in order to improve prediction accuracy. The results were promising, 
as data collected from a reasonable distance of 400 km or less and 
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augmented with as little as 5% (≈ 550 trees in this study) of on-site 
data produced results that were comparable or even better than the 
baseline model. That was, if coordinates could be effectively exploited. 
The results are in line with past research, as quick convergence of error 
has been observed when using small amounts of local calibration data 
in area-based prediction (Latifi and Koch, 2012; Kotivuori et al., 2016), 
and in individual tree attribute predictions (Korhonen et al., 2019; 
Sumnall et al., 2024).

However, bias seemed to be much more difficult to improve. As 
Table  3 shows, the site-wise average values tend to be smaller in north 
than in south, which is the reason why bias magnitude converged 
slowly (see also Lappi (2001)). Even with the models that used co-
ordinates, the convergence was slow, and bias magnitude never quite 
reached the baseline model. Empirical bias reduction could be possible, 
but this would require studying a model that would take into account 
the location of the training site and different magnitude of bias per tree 
species and tree size.

The random forest algorithm is effective in using coordinates as 
features. If it is assumed that using only the on-site data would min-
imise the leaf node variance loss function that was used for training 
the model, then the random forest algorithm should filter out the data 
that are collected from outside the target site when training the model. 
This is because the algorithm chooses the optimal splitting feature for 
reducing the leaf node variance. By assumption, the coordinates are 
at some point in the tree the optimal features, and they are chosen. 
Thus, the algorithm prefers the on-site data. This explains why the error 
difference in Fig.  7 between the baseline model and the models using 
coordinates as features quickly converged.

5.3. Effects caused by the study setup choices

In this study, each site contained approximately 11 000 trees. 
Collecting such a number of trees manually for model training data 
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is laborious. Some insight regarding how well a model trained with 
limited data collected outside the target area can be obtained from the 
results that showed how the test error converged with small increments 
of training data. The results showed that RMSE can be improved more 
than bias, and approximately 50% of the data used in this study would 
have been enough for 1% higher error than what was obtained when 
95% of the data collected within the radius of 400 km were used for 
training.

This study did not try to find means for error mitigation when using 
a transferred model, apart from on-site data collection and the use of 
coordinates as features. Another study should be conducted to test if 
some features or information could be used for error mitigation. For 
example, an empirical bias mitigation model could be tested for birch, 
which seemed to be the largest error source for the increased RMSE, but 
especially for bias. The cause of this was not evident from this study.

The results of this study were obtained with the specific characteris-
tics of the Finnish geography and climate conditions. Thus, the results 
may not generalise directly to other countries. For example, three of the 
test sites (Sodankylä, Kolari, Savukoski) are completely located above 
the Arctic Circle, and some parts of the Rovaniemi test site, too. Areas 
north to the Arctic Circle are characterised by short growing seasons 
(Fig.  1(c), and e.g. Kersalo and Pirinen (2009)) Also, the proximity of 
sea to some areas, such as Turku, Pori, and Oulu causes some climatic 
conditions that are not present in countries without coasts or with vast 
inland areas.

Kotivuori et al. (2016) showed that ALS scanner has some effect 
on the transferability results. In this study, the magnitude of this 
error source was not estimated, but most of the differences caused by 
the sensor are likely in the features that represent intensity values. 
Those features were normalised in each site in order to mitigate the 
differences. However, the results may change if different point cloud 
characteristics, such as denser data, and methods, such as deep learning 
applied directly to the point clouds, were used.

The choice of the random forest method for the regression task was 
based on its reputation for being a good classical machine learning 
method for individual tree tasks that use hand-crafted features (Malek 
et al., 2019). Importantly, a random forest model is simple to use, 
requires only a few hyperparameters, is scalable, and is more robust 
against overfitting (Ghojogh and Crowley, 2023), which could de-
crease the transferability. Similar protection against overfitting could 
be achieved with simpler models but such models may not predict 
the individual tree attributes as accurately (Malek et al., 2019; Yates 
et al., 2018). The transferability of more complex, neural network-
based methods could be tested with denser point clouds because they 
benefit from direct use of a point cloud for prediction tasks (Wiel-
gosz et al., 2024; Xiang et al., 2024; Taher et al., 2025). However, 
the need for very dense point clouds may prevent the use of neural 
network-based solutions at national scale due to memory space and 
time complexity issues.

6. Conclusions

This study investigated how the prediction capability of individual 
tree models changes when their training data are collected from out-
side the area where the models are applied. Throughout the study, 
coordinates proved to be beneficial as training data features. It was 
observed that the models that use coordinates as features reach their 
RMSE minima when the training data are collected between 400–500 
km, but the improvement is minimal after 200–300 km. (answered 
the research question 1). The minimum was obtained using between 
65 000–134 000 (98 000 on average) training samples. The average 
increase in RMSE% compared to a model that used only on-site data 
was 0.8 %-points in DBH prediction and 1.3%-points in stem volume 
prediction. Relative bias magnitude increased more, and the average 
increase was 2.2 %-points in DBH and 3.5 %-points in stem volume 
prediction.
11 
Training data set size did not completely protect against the
distance-related decline in model accuracy. Larger data sets produced 
errors that increased at a similar but slightly lower rate compared to 
the smaller training sets. The increase in RMSE in DBH prediction was 
between 0.27–0.28 cm/100 km, and in stem volume prediction, the 
increase was between 8.08–13.18 dm3/100 km. The same values for 
bias magnitude were 0.39–0.42 cm/100 km for DBH prediction and 
8.32–12.01 dm3/100 km in stem volume prediction. Thus, the training 
data set should be collected as close as possible to the target sites. This 
answered the research question 2.

The final observation was related to the quick convergence of RMSE 
when using on-site calibration data. When one training site was at a 
maximum distance of 400 km, only 5% (≈ 550 trees) of the on-site data 
mixed with the training data were enough for almost indistinguishable 
or even better RMSE results than from a model that used only on-
site data. The result was obtained from a model that was able to 
use coordinates as predictors. However, bias magnitude never reached 
the values obtained from a model that used only on-site data. This 
answered the research question 3.

The results of this study help in planning the reference data col-
lection campaigns at the national level. The results should be repeated 
in other countries. Furthermore, denser data, more complex regression 
methods, and species-specific responses may change the results, which 
leaves opportunities for further research.

CRediT authorship contribution statement

Valtteri Soininen: Writing – original draft, Visualization, Software, 
Methodology, Formal analysis, Conceptualization. Xiaowei Yu: Writ-
ing – review & editing, Software, Data curation. Matti Hyyppä: Writing 
– review & editing, Software, Data curation. Juha Hyyppä: Writ-
ing – review & editing, Supervision, Project administration, Funding 
acquisition, Conceptualization.

Funding

We acknowledge the Research Council of Finland projects ‘‘High-
performance computing allowing high-accuracy country-level individ-
ual tree carbon sink and biodiversity mapping’’ (decision number 
359203) and ‘‘Collecting accurate individual tree information for har-
vester operation decision making’’ (decision number 359554) for fi-
nancial support. The work was done under the Research Council of 
Finland flagship project ‘‘Forest-Human–Machine Interplay – Building 
Resilience, Redefining Value Networks and Enabling Meaningful Expe-
riences’’ (decision number 359175) and utilising the research infras-
tructure of ‘‘Measuring Spatiotemporal Changes in Forest Ecosystem’’ 
(decision number 346382).

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to 
influence the work reported in this paper.

Acknowledgements

Finnish Forestry Centre is acknowledged for collecting the individ-
ual tree reference data for the research. Teemu Mielonen, National Land 
Survey of Finland, is acknowledged for the process of helping to get the 
national ALS data for the research.



V. Soininen et al. Science of Remote Sensing 12 (2025) 100310 
Fig. A.1. The slopes and individual data points for Fig.  6. The shaded area represents the bootstrapped 95% confidence bands.
Appendix A. Slopes

This Appendix presents the individual linear fits and data points for 
Fig.  6. The results are from a model that uses coordinates.

As the curves in Fig.  6 show, a linear fit is not a perfect fit for the 
data. Additionally, the data points in Fig.  A.1 show heteroskedasticity, 
such that with long distances of over 500 km, the variance of the points 
increases, especially when using one training site. This is reflected 
in the trendline as bootstrap confidence bands that widen at longer 
distances. However, the 95% intervals do not contain horizontal lines 
or lines that decrease. Thus, the effect of increasing error is persistent. 
The linear fit provides an approximate fit that can be used as a guiding 
value of average prediction degradation rate when making predictions 
using distant training data.

Appendix B. Supplementary data

The order of choosing the test and training sites can be watched 
online at https://doi.org/10.1016/j.srs.2025.100310.

Data availability

The data sets for soil and temperature sum are available free of 
charge in Natural Resources Institute Finland (2024) and Finnish Me-
teorological Institute (2016). The point clouds used in the study are 
available in National Land Survey of Finland (2020).
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