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Abstract

Field measurements of national forest inventories (NFIs) and auxiliary data derived from remote sensing can be used to model forest
inventory variables. Because NFI observations typically cover large areas, training data for modeling is often limited by the number and
proximity of the available plots. Determining suitable thresholds for these, however, is complicated and depends on various factors. In this
study, we examine how the number and locality of the NFI plots affect the modeling accuracy. With locality, we refer to the spatial proximity
of the training plots to the target location, which is often considered a proxy of their representativeness. We used field measurements
from the Finnish NFI, collected mainly from managed, conifer-dominated boreal forests, and modeled growing stock volumes and trees’
dominant heights with Sentinel-2 and airborne laser scanning (ALS) data. We then compared prediction errors derived from varying
numbers of training plots and modeling attempts where we purposely excluded the nearby plots within a specific radius. As a special
case of training plots’ representativeness, we also assessed if models estimated using ALS features were transferable over the production
area borders, i.e. scanned with similar quality standards but at different times and using different scanners. Our results indicated that a
set of 100 training plots could be regarded as the minimum preferred count regardless of the auxiliary data. Locality affected modeling
bias, which increased when the exclusion radius was extended to 50 km or beyond. This bias connected particularly to models’ abilities for
adapting to local conditions which resulted in regional under- and overestimates, but these effects were only mildly observable through
global statistics over all the applied validation data. Differences between ALS production areas were generally small, but they varied by

inventory variable and were more pronounced for features derived from first echoes than from last or all echoes.

Keywords wall-to-wall forest maps, random forest modeling, optical satellite data, airborne laser scanning, prediction accuracy

Introduction

National forest inventories (NFIs), which rely on measuring field plots
according to a probability sampling design, have an essential role in
assessing large-scale forest resources using design-based inference.
In recent decades, however, applications have become more diverse,
creating demand for timely estimates which focus on relatively small
spatial units (McRoberts et al. 2010). As the availability of accurate and
up-to-date remote sensing data sources has simultaneously increased,
model-based inference that applies remote sensing data as auxiliary
information has attracted more attention (McRoberts 2010, Stahl et al.
2016, Fassnacht et al. 2024). In this context, estimated models and
derived maps rely on correlation between field observations and the
remotely sensed features. This makes it possible to predict inventory
variables for smaller areas than with design-based methods and to
assess forest resources at the level of single forest stands.

Remote sensing auxiliary data sources applied in these models
may be broadly categorized into 2D and 3D sources depending on

their principal information content. 2D data refers primarily to aerial
and satellite images, which represent measurements of reflected elec-
tromagnetic radiation at different wavelengths. Aerial images have
higher resolution than most satellite images, but fewer spectral bands
and less frequent coverage. Their low flying altitude and wide viewing
angle can also cause uneven lighting and image distortions (Tuominen
and Pekkarinen 2004, Melin et al. 2017). High-resolution satellites
offer an alternative to aerial images, but for large-area mapping, mid-
resolution images (i.e. with 10-30 m pixel size) are often preferred
as they provide a good balance between spatial resolution, coverage,
and availability. Data from Sentinel-2 and Landsat-8/9 satellites are
widely used because the images are freely available and frequently
acquired, making them suitable for example for assessing and mon-
itoring changes in growing stock volume or biomass. (Kangas et al.
2018, Esteban etal. 2019, Fassnacht et al. 2021, Tian et al. 2023). Optical
satellite images are, however, sensitive to atmospheric defects and
their coarse pixel size does not necessarily correspond well to the field
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plots, weakening the correlation between reflectance values and field
measurements (Saarela et al. 2016, Tuominen et al. 2017, Kangas et al.
2018).

Compared to 2D data sources, 3D auxiliary data provides primarily
information on vegetation heights. Common data in this category
are point clouds derived from airborne laser scanning (ALS), which
are operationally acquired in many countries and can describe for-
est structure in detail over a diverse range of forest types (White
et al. 2016). A common approach is to select ALS points within field
plots, summarize them into height and density metrics, and use these
features to predict inventory attributes (Naesset 2004, White et al.
2016, Coops et al. 2022). Although these metrics are generally robust
and can be applied over large areas, combining data from different
campaigns may reduce consistency due to differences in acquisition
time, season, point densities, flight parameters, and scanner charac-
teristics (Gobakken and Neaesset 2008, Kerdnen et al. 2016, Maltamo
et al. 2025). Digital aerial photogrammetry can also provide 3D data,
but it captures only the canopy surface, requires a terrain model
for height normalization, and is generally less accurate than ALS.
(Goodbody et al. 2019, Noordermeer et al. 2019). 3D-derived features
are also often combined with 2D spectral data, which can improve the
results, especially for species-specific inventory variables (Fassnacht
et al. 2014, Kukkonen et al. 2018, Schumacher et al. 2020).

Apart from the information content of the applied remote sensing
data per se, several other factors affect the accuracy of model-based
estimates. First, field observations and auxiliary data should have
good spatial and temporal alignment, particularly in heterogeneous
and dynamic landscapes. Besides differences between field plot sizes
and remote sensing pixels, errors in plot positioning can further
weaken the results, particularly if the field plot locations have been
measured using low-accuracy GNSS equipment (Persson and Stdhl
2020, Saarela et al. 2016). Because simultaneous acquisition of all
the data is virtually impossible in large-scale forest inventories, some
temporal mismatch needs to be accepted (McRoberts et al. 2018, Knott
et al. 2023). The acceptable time gap between field observations and
auxiliary data is often based on expert judgment and depends highly
on the dynamism of the target landscape. For example, in the context
of European managed forests, the lag should preferably be within a
few years and not exceed about five years, and changed plots due
to known management activities or disturbances should be excluded
(Waser et al. 2017, Hawrylo et al. 2020, Blickensdorfer et al. 2024).

Another important matter in model-based inference is the represen-
tativeness of the training data (Stahl et al. 2016, Hau et al. 2018, Lister
et al. 2020). When large field datasets, such as NFI plots, are used for
small-area estimation or wall-to-wall mapping, models are typically
built using a subset of close-by plots. This limits training data to plots
that, due to spatial autocorrelation, are expected to have forest and
environmental conditions most like the target area (Nilsson et al. 2017,
Makisara et al. 2022, Miettinen et al. 2025). NFI plots however tend
to be sparsely located because they are designed to provide unbiased
estimates over large areas while avoiding redundant measurements
(Henttonen and Kangas 2015, Réty et al. 2019). This creates a challenge
in selecting enough training plots while keeping them close to the
target area. Modeling performance is also connected to the feature (i.e.
covariate) space of the auxiliary data, which should be well covered
by the field plots to avoid extrapolation and decrease the modeling
bias (Junttila et al. 2013, Wadoux et al. 2019). Auxiliary datasets are
also assumed to be consistent across all plots, but this may not hold
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when multiple datasets are combined and they differ, for example, in
atmospheric conditions or laser scanning parameters.

As discussed above, selecting training plots or remote sensing vari-
ables is not a straightforward task, but these choices strongly affect
model-based inference. To quantify the prediction accuracy and bias
over various modeling scenarios, we present a systematic study that
utilizes commonly used auxiliary data sources and examines the influ-
ence of the number and locality of the training plots. With locality, we
refer to the spatial proximity of the training plots to the target location,
which has notbeen commonly studied in detail. We evaluate the effect
of locality on training data representativeness by constructing models
with similar numbers of plots but different distances to the target loca-
tion. As field data, we use NFI measurements from boreal forests in
Finland, focusing on plot volume and dominant height. Regarding the
auxiliary data, we apply ALS data and optical Sentinel-2 images, both
alone and combined. Modeling is based on the Random Forest (RF)
method and by creating individual models for each respective plot.
Our approach is purely experimental rather than an operationally
applicable framework due to high computational load but it allows to
assess the influence of actual distances between the estimation and
prediction locations. With this setting, we aim to provide practical
guidance and identify key challenges in building accurate and unbi-
ased models from NFI plots and remote sensing data.

Data and methods
Study area

The study area covers nearly all of Finland, approximately 900 x 550
km, excluding areas without available ALS data (see Remote sensing
materials section) (Fig. 1). The northernmost Finland (above 68° N lati-
tude) and Aland Islands in the southwest were also left out, the former
due to sparser NFI sampling and the latter because of isolation from
the otherwise continuous NFI plot coverage. Most of the study area is
characterized by extensive forests and numerous lakes. Topography
is relatively flat with gently undulating hills, elevations ranging from
generally less than 100 m in most southern and western parts to over
200 m in the eastern and northern parts. The highest hills are in the
north and reach elevations of over 500 m, but very few of the applied
NFI plots are located above 350 m elevation. Regarding soil types,
mineral soils (mainly glacial till) and organic peatlands with bedrock
outcrops are common while clay soils dominate part of the coastal
zone. Forests belong to the boreal zone and are mostly managed
for timber production. The most common tree species are Scots pine
(Pinus sylvestris L.) and Norway spruce (Picea abies (L.) H. Karst) and, to
a lesser extent, deciduous trees consisting mainly of two birch species
(Betula pendula and Betula pubescens). Forest characteristics change
gradually between the milder maritime climate in the southwest and
colder, more continental conditions in the east and north, but there are
no clear borderlines or abrupt changes in environmental conditions.

Field data

Field data used in the study were derived from the Finnish NFI
measurements between years 2019 and 2023. Individual NFI plots
were organized as clusters, consisting of 8-11 plots at 250-450 m
distances depending on the sampling subregion and time of their
establishment, and clusters were located several kilometers apart (for
further details, see Korhonen et al. 2024). At each plot, the field crew
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Figure 1 Study area and the data used. More details are provided in the text.

used a handheld GNSS receiver to navigate as close as possible to
the predetermined plot location, but the final plot center coordinates
were always measured using a survey-grade GNSS device with post-
processing procedures. On each individual plot located on forestry
land, the locations, diameters at breast height (DBH), tree species, and
several other variables were measured from trees within a radius (r)
of 9.00 m. These tally trees were selected based on their diameter
so that trees with DBH > 95 mm were measured from the whole
plot, trees with 45 <DBH < 95 mm within r =4.00 m, and trees with
DBH <45 mm using an angle count plot. In total, the number of NFI
plots, as limited by the study area, temporal range, coverage of all the
auxiliary data, and location on forestry land, was 30098, divided into
4720 clusters. Of these plots, 64.4% were located on mineral soil and
35.6% on peatland. The number of tallied trees ranged from 0-81 with
a median value of 16 trees.

As target variables in our experiment, we focused on plot-level
standing wood volumes and dominant height of the trees, the latter
being defined as the mean height of 100 thickest trees (by DBH) per
hectare. Tree and plot-level volumes were calculated as documented
in Makisara et al. (2022). Total plot volumes ranged between 0 and
1128 m3/ha (mean 115 m3/ha), which were further divided into
volumes of coniferous trees (0-1056 m3/ha, mean value 92 m3/ha)
and deciduous trees (0-637 m3/ha, mean value 24 m3/ha), respectively.
In total, 10.1% of all plots were treeless with no measurable wood

volume, mostly due to recent clearcuts. As the r =9.00 m plot covers
roughly 1/40 of a hectare, dominant heights were calculated as the
mean height of the three thickest trees, of which the third one was
included using half weight. Tree heights were derived from manual
field measurements for sample trees (i.e. a subset of tally trees with
extended measurements), and from values modeled according to
Myllymaki (2016) as described in Toivonen et al. (2026, Supplement
S3) for other tally trees. Dominant heights varied between 0 and
39.3 m with a mean value of 14.6 m. Figure 2 shows maps of all the
targeted inventory variables, interpolated over all the selected NFI
plots (including also those not covered by the ALS data) at a 1 km cell
size. While the value ranges vary depending on the variable, all of
them have relatively similar spatial patterns with the largest values in
the south and the smallest in the north.

Remote sensing materials

Remote sensing materials consisted of Sentinel-2 Level-2A images and
ALS data. Regarding Sentinel-2 images, a cloudless mosaic covering
the whole study area was processed using Google Earth Engine (GEE).
The mosaic was targeted nominally at year 2021, but due to frequent
cloudiness and the short span of the growing season, input images
were selected between 1 June and 31 August from years 2020-2022.
Initial image tiles were selected with a cloud percentage up to 50%
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Figure 2 General patterns of the focused inventory variables.

according to Sentinel-2 metadata, their pixels were further evaluated
using CloudScore+ quality layers (Pasquarella et al. 2023), and the
final mosaic was calculated using band-wise median reflectance val-
ues over all the approved pixels. An advantage of CloudScore+ layers
compared to many other alternatives is the sensitivity of quality scores
not only for clouds and haze but also for shadows.

All Sentinel-2 bands with initial resolutions of 10 or 20 m were
included in the mosaic (B2, B3, B4, B5, B6, B7, B8, B8A, B11, and B12),
and the 20 m bands were resampled to 10 m pixel size using nearest
neighbor method. In addition to the initial band-wise reflectance
values, generic normalized difference indices (ND) of all the unique
two-band combinations were calculated according to Eq. 1:

NDgp = (op — pa) / (Pp + pa) 1

where pa,b are reflectance values of bands a and b. These indices
have been found useful in vegetation applications and for reducing
atmospheric or other sources of disturbances (Stagakis et al. 2010,
Verrelst et al. 2015). All the single band and ND values were then
assigned to plot-wise features as their mean values, weighted by the
pixel proportions within the field plot extents (Table 1).

ALS data were acquired from the Finnish national laser scanning
program, targeted at covering almost the whole country at a nominal
density of 5 pulses/m? within a 6-year period starting from 2020 (NLS
2025). Scanning had been divided into designated production areas
each year as indicated in Fig. 1, covering 2000-3000 km? each. For this
study, all the available data from summertime acquisitions between
2020 and 2023 were selected, totaling 74 production areas scanned
by six different contractors. Of these, 45 areas were acquired using
Riegl VQ-780 /ii/ii-S scanners, 21 using Riegl VQ-1560 i/ii/ii-S scanners,
and eight using Leica CityMapper-2 L or TerrainMapper-2 scanners,
respectively. Realized pulse densities ranged generally between 5.1
and 7.5 pulses/m? with one exceptional production area reaching 9.5
pulses/m?.

Processing of the ALS data included extracting all the echoes within
the plot limits and using them to calculate features indicated in

Table 1, which had been selected based on earlier studies conducted
in boreal forests (Gobakken and Neesset 2008, Packalen et al. 2019, de
Lera et al. 2020). The primary focus was on structural characteristics,
and intensity features were not included, mainly due to their
inconsistencies across scanners. Calculated features included statistics
related to the overall distribution of the normalized echo heights as
well as their percentiles and proportions below the selected threshold
values. Features were calculated for both the first and the last echoes
(including single echoes in both categories) within r =9.00 m, partially
using only echoes at or above 2 m height to exclude low vegetation
(denoted in Table 1 as 2 m+").

Experimental design

To address our objectives—namely, to evaluate how the number and
locality of training plots affect prediction accuracy—we built separate
prediction models for each NFI plot (Fig. 3a). That is, a set of spatially
closest neighboring plots was used to build a model for the response
variable, which was then applied to predict the respective value of
the target plot. Finally, all the individual plots’ prediction errors were
combined for assessing overall accuracy. Each of the following cases
and their combinations were tested in modeling:

* using features derived from only Sentinel-2 data (2D), only ALS
data (3D), or both Sentinel-2 and ALS data (2D + 3D), which are later
referred to as S2, ALS and S2 4+ ALS models;

* selecting 10, 25, 50, 100, or 500 neighboring plots to train the
model; and

* applying exclusion radii of 0 km (i.e. using all the available neigh-
bor plots), 10 km, 50 km, or 100 km around the target plot for
selecting the neighbors.

Further, we assessed modeling across ALS production area bound-
aries as a special case of model transferability, where locality effects
are mainly linked to the similarity of the auxiliary data and may
change abruptly at dataset borders. For this purpose, all pairs of neigh-
boring production areas that shared a long common border but had
been scanned by a different contractor and/or scanner brand/model
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Table 1 Summary of features extracted from the remote sensing materials.

Source Description

Sentinel-2 Reflectance values of all the selected bands, and normalized
difference indices of all their unique pairwise combinations.

ALS data Features derived from plot-wise points, calculated separately

for the first and the last echoes:

® general statistics of mean and maximum heights,

coefficient of variation and standard deviation (2 m+);

® percentile heights 10, 20, ..., 90 (2 m+);

® proportions of echoes below the upper limit of the first
... 95th

percentile is divided into five bins of equal heights; and
® proportions of echoes below fixed heights of 2m, 5 m,

four bins, when the height range between 2 m

10 m,and 15 m.

Abbreviation Feature count
Ba for reflectance of the band a, NDa/b for 55
normalized difference of bands a and b

meanF|L, maxF|L cvF|L, and sdF|L for 46
general statistics; percXF|L for

percentiles; binXF|L for bin proportions;

and fixXF| L for fixed height proportions,

where F and L indicate whether the

feature derives from the first or the last

echoes and X denotes the applied

percentile, bin number, or fixed height.

ALS features described with ‘2 m+' indicate that echoes below the height of 2 m were discarded when computing the metrics.
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O Plotsinside of the respective ALS production area
but outside of the subareas; not used for modelling

@ Model estimation ® Prediction

Figure 3 Schematic figures of assessing modeling performance using individual plots (a) and for comparing potential differences of two adjacent ALS

production areas (b).

were identified (n =18; see Fig. 1). For each pair of production areas
(1 and 2; Fig. 3b), we delineated similarly sized subareas (A and B) on
both sides of the shared border. Plots were selected from each subarea,
and sample sizes were equalized by randomly removing plots from
the larger set. Then, plots from each subarea were used to build a
model, which was then applied to plots in the neighboring subarea
(i.e. using the same model for all the target plots). Modeling was based
solely on ALS features, using features derived from all, first, and last
echoes separately to assess their influence on prediction performance.
Finally, prediction errors from all target plots were pooled and com-
pared between models built with ALS data from the same production

area and those built with data from the neighboring area, i.e. with
equal numbers of plots at approximately similar distances.

Modeling and accuracy assessment

Before modeling, plots with observed or recorded management activ-
ities during the investigated time span were excluded to avoid mis-
matches between field measurements and remote sensing data. As
NFI data included observations on forest management as well as their
approximate timing, plots which had recorded cutting on or after year
2020 (i.e. the earliest auxiliary data year) were first removed. To iden-
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Table 2 Features selected for different models.

Auxiliary data Inventory variable

Selected feature set

S2

ALS, all echoes

ALS, only first echoes

ALS, only last echoes

S2 +ALS

Total volume
Coniferous volume
Deciduous volume
Dominant height
Total volume
Coniferous volume
Deciduous volume
Dominant height
Total volume
Coniferous volume
Deciduous volume
Dominant height
Total volume
Coniferous volume
Deciduous volume
Dominant height
Total volume

B5, ND2/3, ND5/12, ND3/4, B6, ND3/5, ND6/7, ND4/5, ND7/8A, ND7/8

B11, B8, B2, ND3/4, ND2/8, ND6/7, ND2/5, ND4/11, ND2/11

ND5/8, B4, ND5/12, ND3/4, ND6/8A, ND4/12, ND2/3, ND3/11, B8A, ND7/8A, ND8/8A
B5, ND2/4, ND2/5, ND5/8, B8, ND3/5, ND5/12, ND7/8A, ND11/12, ND6/8A, ND7/8
fix10F, fix15L, cvF, sdF, bin4L, meanF, bin1F, perc10L

fix15L, fix10F, perc90L, cvF, bin4L, perc10L

fix5L, perc30F, bin4F, cvF, cvL, fix15F, perc10L

fix10F, fix15L, maxL, perc10L, fix5L

fix10F, cvF, meanF, sdF, fix2F

fix10F, perc30F

fix5F, perc70F, perc10F, fix15F, cvF

fix10F, perc90F, cvF, bin2F

fix10L, perc90L, perc10L

fix15L, perc20L, perc80L, bin4L

fix5L, perc10L, perc50L, cvL, fix15L, sdL

maxL, fix15L, fix5L

fix10F, fix15L, perc20L, meanF, fix5L, B12, ND6/7, B8, ND3/4, ND2/12, ND2/8, ND4/11

Coniferous volume
Deciduous volume

ND7/8A
Dominant height

fix15L, fix10F, B8, perc10L, meanF, B11, ND4/11, ND2/8, bin4L, ND5/11, ND8/8A, ND7/8
ND3/8, fix5L, B5, ND6/7, ND4/11, B8, fix10F, perc30F, sdL, ND3/4, ND8/8A, ND7/8, ND6/8A,

fix10F, fix15L, maxL, B4, bin2F, ND2/4

For feature abbreviations, see Table 1. ALS features derived from only first or only last echoes were used solely for comparing the adjacent ALS production areas.

tify harvesting between field measurements and later remote sensing
acquisitions, we used forest use declarations that forest owners are
required to submit prior to any planned or otherwise required (e.g.
after insect damage) management action according to the Forest Act
(Ministry of Agriculture and Forestry 2014). A declaration does not
obligate the forest owner, and it has a validity period of three years,
but in most cases the planned action is committed shortly after the
declaration. If a declaration was found at a plot location and it dated
earliest one year before the NFI measurement (given the potential
lag for implementation), and if any remote sensing data had been
acquired on or after the measurement year, the plot was excluded due
to its high potential for changes. After these operations, the number
of plots dropped from 30098 to 24437 and the number of distinct
clusters from 4720 to 4660. Since the removed plots were from many
development classes, mean values of the inventory variables did not
significantly change, but the proportion of zero-volume plots dropped
to 6.3% as several recent clearcuts were excluded. For the comparison
of adjacent ALS production areas, the number of plots per subarea
ranged from 69 to 258, with a median of 170.

Modeling of the inventory variables was based on the RF algorithm,
implemented using R statistical software and randomForest package
using its default parameters (Liaw and Wiener 2002, R Core Team
2022). RF is considered one of the best-performing prediction methods
with a high degree of robustness (Esteban et al. 2019, Cosenza et al.
2020, Omoniyi and Sims 2024). To account for the stochastic nature
of RF modeling, each model was trained five times and the predicted
values were averaged to produce the final prediction. Altogether,
separate RF models were trained for 24437 individual plots, using
combinations of four inventory variables, three feature sets, five
training plot counts, four exclusion radii, and five repetitions of each
estimation, totaling almost 30 million RF models to complete the
assessments. Analyzing the adjacent 18 ALS production area pairs
with four models between the subareas, three ALS-derived feature
sets, and five repetitions of each model, further 1080 RF models were
needed.

Because of the large number of RF models and remote sensing
features, we applied rigorous variable selection to reduce the number
of predictors for each combination of auxiliary data and inventory
variable. First, we applied variable selection using random forest
(VSURF) algorithm, implemented using the VSURF package (Genuer
etal. 2015), which has been found to be an effective method for feature
selection in remote sensing applications (Durante et al. 2019, Speiser
et al. 2019, Fassnacht et al. 2021). And second, further filtering was
based on Pearson’s correlations between the value pairs of features.
The maximum allowed correlation was set to 0.8. Starting with the
most highly correlated feature pair, the feature with a lower VSURF
importance score was removed, and this process was repeated until
all the pairwise correlations were below the threshold. Although
simple to apply, Pearson’s correlation may overlook complementary
nonlinear relationships among predictors. This can lead to dropping
possibly useful predictors, which may compact the feature space and
make it less expressive to detecting subtle information. However, we
assumed this procedure to preserve the most essential features for
comparing the models while keeping the computational load manage-
able. Selected auxiliary variables are presented in Table 2.

The performance and errors of the predicted values were assessed
using relative root mean square error (RMSE; Eq. 2) and bias (Eq. 3):

RMSE% = 100 x (2)

530 G-
y

bias% = 100 x (3)
where J; is the predicted value, y; is the measured value of NFI plot i
over all the n respective plots, and y is the mean value of the targeted
inventory variable over all the NFI measurements. For comparing the
adjacent ALS production areas, significance of the absolute prediction
error differences (i.e. not concerning any potential bias) between the
two modeling strategies was also assessed using paired t-tests.
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Additionally, prediction bias was spatially interpolated across the
study area to examine whether over- or underestimates were spatially
aggregated. This was done at a level of NFI clusters, i.e. by averaging
coordinates and prediction bias over all the cluster-wise plots and
excluding clusters with less than three plots. This approach aimed
at indicating regional tendencies of bias rather than emphasizing
any single outlier plots. Interpolation was based on inverse distance
weighting (IDW) algorithm with 100 km maximum distance, 1 km
cell size and 1 as the power parameter, producing a smooth surface
without excessive influence from individual clusters.

Results
Errors of individual plots

RMSEs (Fig. 4) clearly depended on the auxiliary data and the num-
ber of plots used for model training. Errors were invariably the
largest with 10 training plots but dropped rapidly when increasing
the number of plots to 50-100. Increasing plot count from 100 to 500
benefited mainly species-specific variables (coniferous and deciduous
volumes) and particularly S2 + ALS models. Regarding the differences
in auxiliary data, errors of the structural variables (total volume
and dominant height) depended mainly on whether ALS data were
included in the model. With ALS features included, RMSE was nearly
halved compared to using only Sentinel-2 data, regardless of whether
Sentinel-2 features were also included. This difference remained sim-
ilar across all training plot counts. For coniferous and deciduous
volumes, however, S2 + ALS models performed significantly better
than either data source alone. When predicting deciduous volumes,
S2 model also slightly outperformed ALS model with the exception
of the smallest plot counts. For the exclusion zones, differences in
RMSE for total volumes and dominant heights were small, although
using nearby plots consistently produced slightly smaller error. For
coniferous and deciduous volumes, however, RMSE differed by about
5-10 percentage points between models with no exclusion zone and
those with the largest zone (i.e. 100 km distance). Wider exclusion of
the nearest plots affected ALS-inclusive models more than Sentinel-2,
particularly when applying ALS data alone.

Regarding the prediction bias (Fig. 5), the S2 model predictions
tended to overestimate the measured values, while the predictions of
the ALS and S2 + ALS models were considerably less biased. Biases in
total volume and dominant height predictions were especially small
for the ALS and S2+ ALS models, particularly with plot counts of
100-500. The bias of coniferous volume predictions resembled the
total volumes with the exception that the ALS model had a slight
positive bias throughout the whole range of the plot counts. For the
deciduous volume, however, the biases were generally the smallest
with only 10 training plots. When increasing the number of plots, all
the predictions were overestimates regardless of the used auxiliary
data or the applied exclusion radius. Deciduous volume predictions
were the most sensitive to excluding nearby plots, showing the largest
bias difference between exclusion distances of 0 and 100 km. In
general, however, widening the exclusion zone did not necessarily
lead to an increased bias, and particularly with the S2 models the
smallest biases were often not associated with zero exclusion (ie.
when including all the nearest neighbors).

Errors associated with ALS production areas

RMSE differences were evident between models trained with data
from the same versus the adjacent ALS production area (Table 3).

Training data from the same production area consistently outper-
formed the adjacent area, regardless of the inventory variable or the
used echoes (first, last, or all), and all the differences were statistically
significant (P <.001). First echoes showed the largest RMSE differ-
ences between production areas on average, except for coniferous
and deciduous volumes, which had the largest differences with last
and all echoes, respectively. Bias, however, was often smaller when
models were trained with data from the adjacent production area.
This was the case particularly for coniferous volumes, which tended to
be slightly overestimated by models trained within the same area. For
deciduous volumes, however, using the adjacent production area for
training led to considerably larger bias if first or all echoes were used.
In addition, the largest positive or negative errors were mostly located
in northern Finland for models estimated using the same production
area, whereas no clear geographic pattern was observed for models
trained with data from the adjacent area.

Spatially interpolated bias

Interpolated maps indicating bias over the whole study area with all
the applied combinations of the inventory variables, auxiliary fea-
tures (S2, ALS, or S2 + ALS), numbers of training plots, and exclusion
distances are presented in the supplementary materials. The spatial
patterns in the interpolated bias maps generally differed from those
of the measured inventory variables (cf. Fig. 2), although some simi-
larities existed. For example, for coniferous and total volumes, using
few training plots together with large exclusion distances generally
resulted in underestimation in high average volumes, which shifted to
overestimation toward lower-volume areas. While this likely reflects
the lack of nearby training data, some areas remained more chal-
lenging than others irrespective of the measured values, particularly
south-western and south-eastern parts of the country. Although these
difficulties partly reflect spatial gaps in nearby training data and may
be affected by larger proportions of deciduous trees, not all the regions
near the map edges showed unusually high bias.

Part of the bias maps’ tendencies resembled the calculated bias
curves (Fig. 5), such as S2 models’ tendency for overestimation. But
similar bias at the level of the whole data could also derive from
very different regional characteristics. For example, when the S2
models and 500 training plots were used for predicting coniferous
volumes, bias according to Fig. 5 did not depend virtually at all on the
applied exclusion zone. The interpolated bias maps, however, showed
that expanding the exclusion zone also polarized regional differences
in bias, creating areas of higher positive and negative biases that
largely canceled each other out when deriving the overall bias. While
moderate influence from this could be seen in the RMSEs (Fig. 4), the
interpolated maps identified several regions where these effects were
particularly strong.

The two extremes in the interpolated bias maps were dominant
heights and deciduous trees’ volumes. Regarding the dominant
heights, the interpolated bias was low over the whole study area,
almost regardless of the exclusion zone, particularly for ALS and
S2+ALS models. The predicted deciduous volumes, however,
were predominantly divided into regions of substantial positive or
negative bias, which appeared to depend more on the exclusion
zone than the number of plots. The ALS models without Sentinel-
2 predictors showed particularly strong bias polarization when
exclusion distances of 50-100 km were used. Noteworthy also is
that, when comparing, for example, predictions of deciduous trees’
volumes with 500 training plots and a 50 km exclusion zone, the
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Table 3 Prediction errors of models estimated using first (F), last (L), or all (FL) ALS echoes derived from the same (s) or the adjacent (a) ALS production

area.

RMSE% bias%

Fs Fa Ls La FLs FLa Fs Fa Ls La FLs FLa
Total volume 40.82 45.32 41.22 43.12 38.57 40.20 0.04 -0.21 0.61 -0.47 0.68 0.47
Coniferous volume 74.95 75.93 67.30 69.43 65.55 67.31 1.35 -0.86 1.48 0.82 1.64 0.67
Deciduous volume 165.17 17553 166.65 171.15 15826 169.36  0.40 5.74 0.55 0.74 0.73 4.79
Dominant height 15.88 16.65 15.29 15.96 15.22 15.75 0.31 0.1 0.12 0.00 0.23 -0.08

overall bias (Fig. 5) was higher with the S2 than the ALS model. But
according to the bias maps, the S2 model had much lower bias in many
regions—although with tendency to positive values, which explains
its higher overall bias.

Discussion

NFI field observations, combined with remote sensing data and
model-based inference, provide an effective way to predict inventory
variables across different spatial scales. The estimates, however, are
not necessarily unbiased, and their accuracy depends on various
factors as presented in our study. In NFIs, many field plots are usually
available, but their size, shape, and spacing are normally designed to
make fieldwork cost-efficient and to provide accurate estimates of core
variables such as forest area or total volume of the growing stock at
national or regional levels (Tomppo et al. 2008). Although NFI data can
be used to predict any measured variable and produce estimates for
small areas, one key modeling challenge is deciding how large an area
should be used to select reference plots for modeling. These reference
measurements should resemble the target location relatively well but
still capture enough variation from the auxiliary data.

Based on our RMSE results, using 100 training plots appears to pro-
vide a good balance between model accuracy and keeping the training
data geographically local. This applied particularly to the tested struc-
tural inventory variables—total volume and dominant height—which
are known to have a relatively strong link to ALS information. For
those inventory variables, 3D data generally outperforms 2D spectral
features and allows accurate prediction across the full value range,
once training data contains enough variation (Junttila et al. 2013,
Tuominen et al. 2017). However, selecting another prediction method
instead of RF could alter these results. For example, a smaller but well-
selected training set might be enough for K-nearest neighbor algo-
rithm with a small value of k, although this often increases noise. In
contrast, parametric methods such as linear regression could perform
most consistently when predictions require extrapolation beyond the
training data.

Our results agree with earlier studies, such as Kallio et al. (2010),
who estimated tree species and total volumes using ALS and aerial
images, and Ruotsalainen et al. (2019), who predicted stand attributes
with ALS data to support forest management decisions. In both studies
modeling errors dropped rapidly until reaching 100-150 training
plots, and gradual improvement continued up to 400-500 plots for
models targeting diverse inventory variables. Sterenczak et al. (2018)
used ALS data up to 900 training plots of different sizes to predict
growing stock volumes and found that increasing the number of
plots beyond 300-400 did not improve accuracy regardless of the
plot size. On the other hand, Junttila et al. (2013) suggested that as
few as forty well-selected training plots may be enough for modeling

above-ground biomass with ALS data. However, this approach relied
on a dense network of nearby plots that can capture local forest
variation well but does not reflect typical NFI sampling. Regarding
different modeling methods, Balazs et al. (2026) compared RE, k-
nearest neighbor, and multi-layer perceptron for predicting above-
ground biomasses and tree volumes using 100-3000 training plots.
They found that particularly RF method produced relatively accurate
and unbiased predictions even with the smallest number of training
plots.

In our study, RMSEs of coniferous and deciduous volumes contin-
ued to decrease beyond 100 training plots, especially when 2D and
3D auxiliary data were used together. The contribution of spectral
features seemed to relate particularly to the near-infrared band B8
(see Table 2), which improves the separation of tree species groups
(Kukkonen et al. 2018, Shang et al. 2019). The added value provided
by S2 was the highest for deciduous trees, which in the study area are
mostly found as minor components in mixed stands with relatively
low contribution to the total volume. For them, more training plots
were likely needed to provide a representative set of training data
that captured sufficient variation in factors such as stand age and
forest health (McRoberts 2010). Additional challenges may arise from
Sentinel-2 reflectance values at fixed-sized pixel sizes, which can miss
fine-scale within-plot variation due to mixed signals, especially near to
sharp boundaries such as managed stand edges (Tomppo et al. 2008).

The exclusion zones had only a small influence on RMSEs. Conif-
erous and deciduous volumes were affected more than total volumes
or dominant heights, with the largest differences between the 10 km
and 50 km exclusion radii. Differences may result from local similar-
ities in forest types, management, soil characteristics or mesoclimatic
conditions. They can also reflect differences in the consistency of the
auxiliary data which potentially varies depending on the acquisition
distance. However, the effects of excluding nearby plots could be much
larger in ecosystems with greater variation in species composition,
structure, or environmental conditions than in relatively homoge-
neous managed boreal forests.

Prediction bias, as shown in Fig. 5, was generally low and changed
little with the number of training plots or the applied exclusion zone,
especially when ALS data were included in the model. This is typical
for models trained using remote sensing data, which often overesti-
mate the lowest and underestimate the highest values but still provide
accurate mean estimates and low overall bias (Avitabile et al. 2015,
Kukkonen et al. 2021; Stahl et al. 2024). However, models based only
on Sentinel-2 data were more prone to positive bias regardless of
the inventory variable, number of training plots, or the exclusion
distance used. While reflectance saturation is often a major problem
in forests with high growing stock volumes and typically causes
underestimation rather than overestimation (Frampton et al. 2013,
Wali et al. 2022), managed boreal forests contain many young, sparse
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stands and clearcuts, which sets the key challenge to predicting low
volumes correctly (Astola et al. 2021, Kukkonen et al. 2021). Capturing
this appears more difficult with Sentinel-2 reflectance values that
are tied to fixed pixels than with ALS data, which provide direct 3D
measurements of forest structure.

The challenge of predicting predominantly low values applied par-
ticularly to deciduous volumes in our target population. While approx-
imately 10% of the plots had no measured trees of any species due to
recent harvesting operations, the proportion of plots with no decidu-
ous trees was almost 40%. In this case, the large RMSE values likely
resulted from difficulties in separating the often small deciduous
components from conifer-dominated stands, while the positive bias
was mainly caused by the tendency of the RF algorithm to pull
predictions toward the mean. These characteristics should preferably
be addressed already in the sampling design if the applied framework
allows it (Goodbody et al. 2023) or mitigated by strategies such as
extreme gradient boosting, or models based on Tweedie error distri-
bution with a log link function (Li et al. 2020, Omoniyi and Sims 2024,
Moreno-Ferndndez et al. 2026).

In our modeling, however, it was somewhat surprising that the
smallest numbers of training plots performed comparatively well to
predict deciduous trees’ volumes. We assume this was due to two
reasons: first, both high and low volumes of deciduous trees are
somewhat clustered in our study area, which is likely to enhance
the prediction capabilities of models based on few nearby plots. And
second, when only a few training plots and large exclusion zones were
used, the training data may by chance have included enough plots
without deciduous trees, helping the RF model predict true zero values
more accurately for non-deciduous target plots.

As expected, ALS-based models trained using data from the same
production area outperformed those derived from the adjacent area.
However, the differences in RMSEs were smaller than anticipated.
Additionally, we expected that differences between the areas would
mainly result from laser beams’ ability to penetrate the canopy—
thus leading to larger error differences for last echoes than for first
echoes—but we found the results to disagree with this assumption.
This suggests that first returns may exhibit higher degree of variation
between the scanning campaigns than last echoes, which can hinder
model transferability.

Previous studies to discuss or compare our findings are few. Nilsson
etal. (2017) investigated the effects of ALS production areas in Sweden
when predicting NFI-derived inventory variables. They concluded
that the scanner brand influenced the results, but an updated config-
uration of the same scanner might also lead to similar consequences.
These differences may relate, for example, to pulse repetition rate,
which can be adjusted in most scanners, but which simultaneously
affects the energy of individual laser pulses. This may alter pulses’
capabilities for penetrating the canopy even when other acquisition
settings remain unchanged (Brede et al. 2022, Chasmer et al. 2006,
Neesset 2005). In this context, deciduous trees with their sparser
crowns would be likely to show greater variation than denser conifers,
which agrees with our results. Laser beams’ backscattering properties
or patterns may also change due to external conditions, such as
phenology or water content of the leaves and needles (Ceccato et al.
2001, Gaulton et al. 2013, Shcherbacheva et al. 2024). Tompalski et al.
(2021), on the other hand, suggested that area-based ALS models can
still be used across different ALS campaigns if the vertical distribution
of points remains similar. However, this assumes that there are no

systematic differences in the recorded signals. Although our data cov-
ers only limited observations from conifer-dominated boreal forests,
the results suggest that, somewhat counterintuitively, using last echoes
for modeling tree volumes and heights may improve feature consis-
tency when combining ALS data from multiple campaigns.

The interpolated bias maps provide useful insights into how
regional patterns are affected by the number and locality of the
training plots, which are often obscured by summary statistics. Some
over- or underestimations may be explained by spatial gaps in the
training data or differences in ALS features between production areas.
They may also be linked to anomalies in forest characteristics caused
by factors such as soil fertility, land use history, or climatic differences
e.g. due to large water bodies. Regardless of the cause, prediction bias
increased particularly when only a small number of training plots
were available, and the exclusion zone was 50 km or more.

The bias, however, did not increase evenly over the whole study
area, but rather got polarized. That is, the area affected by large
under- or overestimates increased, while simultaneously the over-
all bias (i.e. calculated over all the predicted target plots) remained
largely unchanged. Similar polarization effect was noted by Balazs
et al. (2026), who concluded that excluding nearby plots increased
bias particularly in locations characterized by strong biomass gra-
dients. In other words, limitations that prevent the use of nearby
training plots can substantially affect local and regional estimates,
even if global accuracy measures suggest little impact. This high-
lights the importance of representative training data in modeling, for
which the number and proximity of training plots can serve as useful
indicators.

Conclusions

Accurate model-based prediction of forest inventory variables
requires relevant and representative auxiliary data. Our results
support earlier findings that 3D point cloud features are more effective
than 2D optical satellite data. However, combining both data sources
may be beneficial when the target variable is influenced not only
by forest structure but also by spectral characteristics. Based on our
results, 100 field plots can be considered as the minimum training
set size, but more plots may be needed when the target variable is
rare in the population. Although our study does not suggest a specific
maximum distance for selecting training plots, the results show that
proximity matters even in relatively homogeneous conditions. While
our findings suggest that plot representativeness starts to gradually
decrease beyond 10 km, these effects may be stronger in more diverse
and complex ecosystems, or near to substantial ecotones.

Our findings also underline that unrepresentative training data can
easily increase prediction bias. However, under- and overestimates
may not be evenly distributed across the target area but tend to cluster
spatially, reflecting local patterns that the model failed to capture.
This increases the risk of making incorrect interpretations on local or
regional scales, and the effects may not be visible in overall perfor-
mance statistics. These results highlight the importance of considering
locality when assessing the representativeness of training data.
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