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*  The study assesses stand-level uncertainty of biomass, volume, basal area, and Lorey’s height
estimates resulting from the prediction of maps across varying spatial resolutions (1-30 m).

*  The changes of RMSE and bias across the different spatial resolutions were generally small
(< 5%) for additive forest attributes such as biomass, volume, and basal area.

*  The changes of RMSE and bias were also small for Lorey’s height as a non-additive forest
attribute if the resolution difference was less than 2 times of the native resolution.

*  The models fitted at the resolution of the NFI plot size can be used to produce forest attribute
maps at 10 m resolution without concerning increases in uncertainty at stand-level.

Fine-scale, spatially explicit forest attribute maps are essential for guiding forest management and
policy decisions. Such maps, based on the combination of National Forest Inventory (NFI) and
remote sensing datasets, have a long tradition in the Nordic countries. Harmonizing the pixel size
among national forest attribute maps would considerably improve the utility of the maps for users.
However, the maps are often aligned with the NFI plot size, and the influence of creating these
maps at different spatial resolutions (i.e. pixel sizes) is little studied. We assess the stand-level
uncertainty (RMSE) of biomass, volume, basal area, and Lorey’s height estimates resulting from
the aggregation of maps across varying spatial resolutions. Models fit at 16 m native resolution
using more than 14 000 NFI plots were applied for predictions at pixels sizes (side lengths) of 1,
5, 10, 16, and 30 m. For independent validation, we used more than 600 field plots — that cover
a total area of 24 ha and were clustered within 65 stands across Norway. For all attributes, the
lowest RMSEs, ranging from 6.86% for Lorey’s height to 13.86% for volume, were observed for
predictions at pixel sizes of 5 m to 16 m. The RMSE changes across resolutions were generally
small (< 5%) for biomass, volume, and basal area. For Lorey’s height, changing the spatial reso-
lution resulted in large RMSEs of up to 25%. Overall, our findings suggest that the main forest
attributes can be mapped at a finer resolutions without complex adjustments.
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1 Introduction

Forests play a crucial role in the bioeconomy, for climate change mitigation and biodiversity
conservation (Thompson et al. 2009; Griscom et al. 2017; Dinerstein et al. 2019). Sustainable
management practices require reliable information on forests’ status and future development to
minimize trade-offs and maximize synergies among the various ecosystem goods and services.
Forest management at local scales is traditionally informed by Forest Management Inventories
(FMIs). In the Nordic countries, FMIs are predominantly conducted using the Area-Based Approach
(ABA) (Nasset 2002; Hyyppa et al. 2008; Maltamo et al. 2014) which combines Airborne Laser
Scanning (ALS) and a limited number of field plots to provide fine-scale information about forest
stands (Nesset et al. 2004; Maltamo et al. 2021). Over the last decade, the availability of national
ALS campaigns has enabled the development of national forest attribute maps by utilizing in-situ
data from National Forest Inventories (NFIs) (Nord-Larsen and Schumacher 2012; Nilsson et al.
2017; Tuominen et al. 2017; Hauglin et al. 2021). This provides spatially explicit forest resource
maps at a national scale (McRoberts et al. 2010; Kangas et al. 2018; Fassnacht et al. 2023). Con-
sequently, the application of national forest attribute maps is increasingly considered in FMIs
(Maltamo et al. 2021; Rahlf et al. 2021).

The sample plot size and spatial resolution of forest attribute maps are typically congruent
in traditional FMIs (Nesset 2014). This is to avoid systematic errors due to the use of resolution-
dependent predictor and response variables in regression models (Magnussen et al. 2016). A
metric is considered resolution independent if averaging over a certain number of adjacent cells
(or pixels) yields the same results as if the metric were computed for the whole area as a single
cell (Packalen et al. 2019). ALS metrics such as mean height and proportion of echoes, meet the
condition of resolution-independence. However, other metrics like height quantiles and the number
of echoes above specific thresholds do not possess this property. Furthermore, response variables
such as measures of mean and total quantity per areal unit, are additive and therefore resolution
independent (Kohl et al. 2006). Examples of these include above-ground biomass, volume, and
basal area. However, dominant and mean height, which are not additive, are sensitive to spatial
resolution (Magnussen et al. 2016; Packalen et al. 2019). In real-world applications, a combination
of resolution independent and dependent predictor and response variables are typically utilized in
forest attribute mapping (Nasset 2002; Nasset et al. 2004).

The pixel size of national forest attribute maps often deviates, to a smaller or larger
degree, from the size of the NFI field plots (Kangas et al. 2018). This discrepancy can be attrib-
uted primarily to two factors. Firstly, forest attributes in NFIs are frequently assessed using
sample plots of varying sizes. For example, many NFIs use concentric sample plots or relascopes
to select trees to be observed, where smaller trees are assessed on smaller circles than larger trees
(Tomppo et al. 2008). Secondly, for large-scale applications, practical considerations related to
data management and downstream analysis often influence the spatial resolution (Nilsson et al.
2017). For instance, circular plots with a size of 250 m? as in the Norwegian NFI (Breidenbach
et al. 2020), would require pixels with a side length of ca. 15.8114 m. A map with such a pixel
size would be impractical on national scales as there will be no overlap with other existing map-
ping infrastructure.

While the analysis of resolution dependence in ABA is important, it remains a relatively
underexplored field of study. Packalen et al. (2019) systematically identified factors and quantified
effects on uncertainties with changing spatial resolutions when applying the ABA. Their study was
conducted on a pine-dominated study-site in Finland where the biomass of all trees on 58 plots
with a size of 25 m x 25 m was measured. This setup enabled various combinations of fitting
and prediction at spatial resolutions across 8.33, 12.5, and 25 m pixel sizes. They found that if
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models with resolution-independent variables were used to predict at a finer resolution than the
fitted (native) resolution, it resulted in a decrease of RMSE, and in tendency a systematic under-
estimation. If the models were applied at a coarser prediction resolution than the fitted resolution,
it resulted in increased RMSE, and in tendency a systematic overestimation. They concluded
that the resolution effect is minimal in the case of up to 4-times changes of the resolution. This
suggests that in practical scenarios, a mismatch in spatial resolution between model fitting and
applied prediction can be acceptable for forest attribute mapping. However, this study was con-
ducted on a local site in Finland and focused solely on biomass. Nilsson et al. (2017) analyzed in
Sweden the changes in random error for volume and Lorey’s height forest attributes across 10 m
to 20 m resolutions. They found that, despite the native resolution of the Swedish forest resource
map being 25 m based on the NFI plot size, the predicted maps with a resolution of 12.5 m were
found to be satisfactory for producing the national forest attribute maps. Fassnacht et al. (2018)
conducted a systematic analysis with varying plots and sample sizes (10-50 m) and estimated at
various pixel sizes using synthetic remote sensing datasets. They observed small RMSE decrease
with increasing plot sizes.

We aim to assess the uncertainty of the models used to create the Norwegian forest
attribute map (Astrup et al. 2019; Hauglin et al. 2021) when applied across varying spatial
resolutions. More specifically, we analyze the changes in uncertainty of models that were fitted
at 16 m native resolution when applied to predict forest attributes for pixels with side lengths
between 1 and 30 m. We aggregate the pixel-level predictions to stand-level estimates and ana-
lyze the resulting uncertainty for the forest attributes biomass, volume, basal area, and Lorey’s
height. Independent field measurements of 65 stands widely distributed across Norway are used
as a reference.

2 Materials and methods
2.1 Overview and study area

The Norwegian forest attribute map is a collection of spatially explicit raster layers with a pixel
size of 16 m x 16 m which includes predicted forest attributes of biomass, volume, basal area, and
Lorey’s height (Hauglin et al. 2021). The raster layers are generated from univariate linear mixed-
effect models that utilize NFI data, country-wide ALS, and additional auxiliary data products. The
map covers all forested areas in Norway, approximately 12 Mha, and is openly available at Kilden
(NIBIO 2024).

Forests cover ca. 38% of Norway’s total land area and are predominantly situated in the
boreal climate zone. The forests are dominated by three main tree species: Norway spruce, Scots
pine, and deciduous trees, primarily birch, which are often mixed with the coniferous species.
The country has a diverse topographical variation including both lowland and mountainous areas.

The independent field validation data used in this study are located across the whole of the
country, including the South-Eastern, Central-Southern, Western, and Northern geographic regions
(Fig. 1). Overall, 65 stands have been used with sizes ranging from 0.1 to 1.7 ha and an average
of 0.4 ha. Altogether, the stands cover covers 24 hectares.

Further details on the models used in producing Norwegian forest attribute maps, the inde-
pendent field data, and the study design are given in sections 2.2, 2.3, and 2.4.
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Fig. 1. Overview of the study area and the independent validation datasets. The left side is an overview map of Norway
that shows the geographic regions (South-East, Central-South, West, Mid, and North) and the dominant tree species.
Red polygons indicate the independent validation stands. The right side shows selected areas (A and B) in higher detail
with orthophotos in the background. The maps are in the Universal Transverse Mercator (UTM) coordinate system
zone 33. The dominant tree species map is from Kilden (NIBIO 2024), and orthophotos from Geonorge (2024).

2.2 The Norwegian forest attribute map
2.2.1 National Forest Inventory data

The NFI is a continuously operating inventory based on a permanent sample grid where 1/5 of
the plots are measured annually (Breidenbach et al. 2020). The sample grid size in productive
forest is 3 km x 3 km. The NFI field measurements are carried out within circular 250 m? plots.
Diameter at breast height (dbh) and species of all trees with a dbh >= 5 cm are recorded. The
height of ten trees are measured. Using these measurements together with species-specific models,
missing tree heights, timber volume (with bark), and aboveground biomass are predicted for the
trees at the sample plots. Tree-level measurements are scaled-up to plot-level values including
Lorey’s height and basal area. More detailed information on the Norwegian NFI can be found
in Breidenbach et al. (2020). The complied training data consists of 14196 NFI plots from the
inventory cycle 2018-2022.

2.2.2 Predictor variables

The predictor variables for estimating forest attributes are derived from country-wide ALS data.
The ALS data were collected in national flight campaigns conducted by the Norwegian Mapping
Agency, covering most of Norway except high mountainous regions (Hauglin et al. 2021). In this
study the following predictor variables have been used: mean height of first returns (hmean_first
in m), the square of the mean height of first returns (hmean_first sq in m), proportion of first
returns above 2 m (prop_ab2m_first in %) and 95th height percentile of first returns (h95_first
in m). Additionally, the topographical slope (slope in degrees) has been calculated based on the
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I m % 1 m resolution digital terrain model. A further explanatory variable was the time difference
between the ALS acquisition date and field date expressed as a decimal number of growth seasons
(time_diff in days).

2.2.3 Regression models

The Norwegian forest attribute maps are generated as wall-to-wall predictions of univariate linear
mixed-effects regression models (Pinheiro and Bates 2000). These models accommodate systematic
differences between ALS projects (described in 2.2.1.) and regions by incorporating random effects.
The regions are natural geographic divisions within Norway (Fig. 1). The predictor variables used
in the models were selected through a stepwise process using leave-one-out cross-validation and
expert knowledge, as described in Hauglin et al. (2021). In this study, we used the models to predict
above-ground biomass, volume, basal area, and Lorey’s height. The models were fitted separately
for each dominant tree species group (spruce, pine, and deciduous forests). The dominant tree
species group for each NFI plot is determined by the tree species that has the largest proportion of
the total volume. For prediction purposes, a wall-to-wall map (Breidenbach et al. 2021) is used to
determine the dominant tree species across the country. The general form of the models is:

Yiik = Bo +(bi +bhy + By )xlijk + Bax2jjic + .-t BpXpijic + Eijk

i =1ty = Lok =Ly, by ~ N(0,62 )by ~ N(o,a,f1 ),gijk ~N(0,02) O

where y;j; is the forest attribute at plot £ within ALS project j and region i; 7 is the number of
regions; p is the number of explanatory variables x; £ are the fixed effects regression parameters
and b; indicates a predicted random effect. Random slope parameters b for region i and b; for
ALS project area ij are defined as the most influential explanatory variable x;. The terms 7;; and
m; represent the number of field plots within an ALS project and the total number of ALS projects
respectively. The variance of the random effect is denoted by o7, and 62 refers to the residual
variance. Four types of combinations of explanatory variables (introduced in section 2.2.2) have
been used for predicting the species-specific forest attributes:

i) For predicting biomass, volume and basal area for spruce and broadleaf forests:
hmean_first (x;), + hmean_first sq (x), + time diff (x3), + slope (x4), + prop_ab2m_first
(x5),

ii) For predicting basal area for pine forests: hmean_first (x;), + hmean_first sq (x3), +
time_diff (x3), + prop _ab2m_first (xy),

iii) For predicting volume for pine forests: hmean_first (x}), + hmean_first sq (x,), + time_diff
(x3), + slope (xa),

iv) For predicting Lorey’s height for spruce, pine and broadleaf forests: h95 first (x;), +
time_diff (x,), + slope (x3), + prop_ab2m_first (x4).

The predictor variables are resolution-independent in the case of hmean_first, hmean first sq,
and prop_ab2m_first assuming the number of echoes per cell is constant. The variable h95_first is
a resolution-dependent predictor variable since height percentiles are not unbiased corresponding
to the population parameters (Magnussen et al. 2016; Packalen et al. 2019). Additionally, the slope
is also a resolution-independent predictor variable.
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Table 1. Summary statistics of biomass, volume, basal area, and Lorey’s height in the stand-level
validation data. The table includes the minimum (min), maximum (max), mean, and standard de-
viation (sd) for each attribute. Additionally, statistics related to the area of the stands are provided.
The total number of validation stands is 65 and the total covered area is 24 hectares.

Biomass Volume Basal area Lorey’s height Area
[Mgha!] [m3 ha!] [m2ha] [m] [ha]
min 68.67 100.62 15.69 9.93 0.12
max 583.71 984.35 71.25 30.40 1.74
mean 211.85 359.68 37.49 18.88 0.37
sd 118.28 208.88 14.41 4.46 0.29

2.3 Validation stands

We utilized stand-level observations, measured independently from the NFI field observations, as
validation datasets. Two sets of stand-level datasets were available for this study. The first dataset
resulted from field campaigns conducted in two geographic regions in Norway: Asker municipality
in the eastern region and Alver municipality in the western region (Fig. 1). In Asker, assessments
were carried out across 21 forest stands during September and October 2020, while in Alver, 18
forest stands were measured during July and August 2020. Within each forest stand, 10—15 plots
of 250 m? were measured, following the standard NFI plot measurement protocol (see Section
2.2.1.). The 408 plots assessed in the 39 stands covered a total area of 11 ha.

The second dataset consists of long-term field trials established to assess different silvicultural
approaches, and forest management methods to evaluate forest growth. We used the field trials
measured after 2018 where precise coordinates were available. This included measurements from
2018, 2020, 2021, and 2022. The field trials available consist of 1-30 rectangular plots located
spatially close to each other (Fig. 1) where the plot areas range from 0.02 to 0.30 ha (average area
0.06 ha). The dbh and tree species of each tree within the plots are recorded, while the height for
every fourth tree is measured. The height of the remaining trees is predicted based on the measured
tree heights. Species-specific allometric equations are applied to predict the tree-level biomass and
volume. The tree-level information is then used to calculate plot-level information of biomass,
volume, basal area, and Lorey’s height. The 199 plots assessed in the 26 field trials were located
in the East, Central-South and North regions of Norway and covered a total area of 13 ha. A sum-
mary of the stand-level validation dataset can be found in Table 1.

2.4 Study design

Our study encompassed four main steps (Fig. 2) including a) fitting of regression models at 16 m
resolution using NFI plots b) processing of the ALS data for the independent field validation stands
including the extraction of predictor variables at various spatial resolutions, c¢) prediction of forest
attributes at different spatial resolutions using the models trained at a 16 m resolution, d) analysis
of the uncertainty at varying spatial resolutions.

In step a), models for each measurement year of the validation data (2018, 2020, 2021, and
2022) were fitted (Fig. 2a) to match the validation field measurement date. This has been achieved
by forecasting and backcasting the observed increments at the NFI plots to the field observation
date of the validation stands. For example, if a validation stand was measured in 2022 and the NFI
plots were measured between 2018 and 2022, we forecast the NFI plot values measured between
2018 and 2021 to 2022. In this way, inconsistency between the prediction date and the validation
field measurement date was avoided. The predictor variables and regression models are described
in sections 2.2.2 and 2.2.3.
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Fig. 2. Overview of the workflow used for assessing the uncertainty of Norwegian forest attribute models predicted at
different spatial scales resolutions (1-30 m). The input datasets are indicated with rounded rectangles, the main steps

(corresponding to a—d in the main text) are in grey rectangles, and intermediate data and processing steps are indicated
with dashed rectangles respectively.

In step b), we processed the ALS data at 1, 5, 10, 16, and 30 m spatial resolutions (Fig. 2b)
for the validation stands (Fig. 1). We selected the ALS projects that were acquired closest in time to
the field measurement date. The predictor variables were calculated for modeling biomass, volume,
basal area, and Lorey’s height (the specific metrics are described in Section 2.2.2.). We calculated
the time difference between the ALS acquisition date and the validation field measurement date,
expressed as the number of growing seasons. Additionally, we resampled the dominant tree species
(Breidenbach et al. 2021) and slope rasters from 16 m x 16 m resolution to the tested resolutions
using nearest neighbor and bilinear interpolation. Information related to the ALS project and the
geographic region was also added for the modeling process. The resampled slope raster was used
as a predictor variable, the ALS project and geographic information as random effects and the
dominant tree species map for stratification.

In step c), we applied the species-specific regression models — fitted at 16 m resolution
— to predict biomass, volume, basal area, and Lorey’s height at the different spatial resolutions
(1-30 m) for the pixels covering the validation stands (Fig. 2c). We then estimated forest attributes
for pixels within the validation stands by calculating the mean of the predicted forest attributes at
stand-level (Fig. 2d). Pixel predictions were weighted according to the proportion by which they
covered the plots to account for the fact that not all pixels fully fall within them. To assess the
accuracies at the stand level, the field plots measured within the validation stands (Fig. 1) have
been aggregated using the mean of the predicted plot values. This process resulted in a dataset
with (synthetic) estimates of forest attributes as predicted for the different pixel sizes which were
used in the uncertainty assessment.

In step d), the uncertainty was evaluated by calculating the weighted root mean squared error
(RMSE) and the weighted bias, taking into consideration the varying area sizes of the validation
stands by:

{RMSE,bias} ={%iwi(j;i —yl-)‘”} (2)
i=1
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with =2 and w=0.5 for RMSE and ¢ =1 and w=1 for bias, where y; and j; represent the observed
and estimated forest attributes at stand level, and w; is the area of each validation stand; i=1,....,n
with n=65 indices the validation stands. The relative RMSE and bias were calculated by divid-
ing RMSE and bias by the mean of the observed values and multiplying the result by 100. Based
on the dominant species at stand level, we also calculated the RMSE and bias per species group.

3 Results

In the stand-level validation of the Norwegian forest attribute map at its native resolution (16 m),
the RMSEs were found to be 15.21%, 13.93%, 11.97%, and 6.87% for biomass, volume, basal area,
and Lorey’s height, respectively (Table 2). The bias indicated an underestimation of <4.42% for
biomass, volume and, Lorey’s height, and a slight overestimation for basal area (—-0.10%) (Fig. 3,
Table 2). Especially spruce-dominated stands with high biomass and volume tended to be under-

Table 2. Stand-level RMSE and bias for biomass, volume, basal area, and Lorey’s
height, given predictions at different spatial resolutions for independent validation
stands. The results for deciduous stands are derived from a limited number of observa-
tions (n = 4) and are provided solely for the sake of completeness.

All species, n = 65
Biomass Volume Basal area Lorey’s height
RMSE bias RMSE bias RMSE bias RMSE bias
[%] (7] (%] (7] [%] (7] (7] (%]

1 1499 434 1361 292 1255 -1.15 2527 -24.05

g 5 13.86  -2.89 12.64 -1.61 12.08 0.99 9.08 —7.46
:g 10 14.17 -3.63 1296 246 11.99 0.73 6.86 -3.87
é 16 1521 442 13.93 341 11.97 0.10 6.87 —2.38

30 1953 -7.79 18.58 —6.98 13.20 -2.52 7.38 —1.54

Spruce, n=30

1 1432 —-8.28 1345 -7.21 11.13  -1.52 2597 2487
.g 5 12.31 -5.87 11.92 497 10.19 1.59 9.61 —8.33
:5 10 12.78  —6.08 12.54 536 10.09 1.79 6.88 —4.22
§ 16 13.81 —-6.61 13.47 -6.01 9.98 1.50 6.91 -2.45

30 19.67 -1032 19.76 -10.16 1218 —1.52 7.20 —-1.62

Pine, n=31

1 12.88 1.79 12.49 1.99 13.39 077 2572 248
g 5 13.45 1.82 12.27 1.97 13.13 0.35 8.61 -7.18
% 10 13.63 0.25 12.40 0.42 1331 044 6.70 -3.89
§ 16 1442 -0.99 13.12  -0.97 1299 -1.39 6.59 —2.68

30 15.65 398 14.67 —4.14 13.67 -3.74 7.40 -1.86

Broadleaf, n=4

1 18.01 —4.39 13.16 4.78 16.28  —0.84 1435 -12.87
g 5 18.74 -3.53 14.71 5.63 17.41 0.47 7.31 -3.18
.:_E 10 18.45 438 13.27 4.93 16.31 0.19 7.14 -1.26
§ 16 19.88 =51 15.08 3.86 17.82  -0.77 7.66 0.23

30 1979 799 1249 274 16.13  -2.09 8.01 1.32
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Fig. 3. Observed (field-based) versus estimated (lidar-based) values at the native resolution of the Norwegian forest
attribute map at 16 m pixel size for each examined forest attribute (a: biomass, b: volume, c: basal area and d: Lorey’s
height). The color of the dots indicates the dominant tree species within the validation stands.

estimated (Figs. 3a,b). The RMSEs for basal area changed the least when changing the resolution
and the lowest RMSE was observed at the native resolution. For the other attributes, the lowest
RMSE was not observed at the native resolution (16 m) but at 5 m (biomass and volume) and
10 m (Lorey’s height) resolution (Table 2). The RMSEs across 1-30 m spatial resolutions (Table 2)
showed a similar pattern for all attributes as they were highest for 1 m and 30 m, and decreased
towards the pixel size with the lowest RMSE (Figs. 4a—d). The RMSEs ranged from 13.86% to
19.53% for biomass, 12.64% to 18.58% for volume. For Lorey’s height, the RMSE decreased
with increasing spatial resolutions from 1 m to the native resolution (16 m) and increased slightly
at 30 m resolution (Figs. 4e—h). Overall, the RMSE changes are relatively small (<5.95%) for the
three additive attributes. For Lorey’s height as a non-additive attribute, the changes in RMSE were
higher (18.41%).

The changes in bias across varying spatial resolutions showed a similar pattern as the RMSE.
Overall, the smallest bias was observed at a 5 m resolution for biomass, volume, and at the native
resolution for basal area. As an exception, the lowest bias for Lorey’s height was at 30 m resolution.
The bias of biomass, volume, and basal area decreased from 1 m to 5 m, followed by an increasing
trend up to 30 m resolution (Table 2, Figs. 4a—d). In contrast, the bias of Lorey’s height decreased
from 1 m to 30 m (Table 2, Figs. 4g—h). While the differences in bias for biomass, volume , and
basal area were relatively small (<5.37%), Lorey’s height had larger changes (22.51%).

We observe similar trends across spatial resolutions when comparing RMSE and bias of
dominant species to the results for all species (Table 2). For spruce stands, RMSE values range
from 6.88% to 25.97% and bias values range from —24.87 to 1.79% , which aligned with the results
for all species. For pine stands, the RMSE values ranged from 6.59% to 25.72% and bias values
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Fig. 4. Right column: Observed (field-based) versus estimated (lidar-based) values across different spatial resolutions
for each forest attribute (a: biomass, c: volume, e: basal area, g: Lorey’s height). Left column: Corresponding boxplots
illustrate the distribution of the difference between observed and estimated values at each spatial resolution and forest
attributes (b: biomass, d: volume, f: basal area, h: Lorey’s height). The red dots indicate the area-weighted mean value
of the difference between observed and estimated values.
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ranged from —24.8% to 1.99% across all forest attributes, comparable with the results for all spe-
cies. However, the lowest RMSE for volume are observed at 5 m resolution. Because broadleaf
stands consist of only four observations, they are included in Table 2 solely for completeness.

4 Discussion

We evaluated the RMSE and bias of forest attribute maps (biomass, volume, basal area, and
Lorey’s height) that were based on models fitted at a nominal resolution of 16 m which were used
to predict maps with spatial resolutions ranging from 1 to 30 m. Except for Lorey’s height, the
models use resolution-independent explanatory variables. The resulting estimates on stand level
were compared to independent validation data at stand level.

The independent validation of the Norwegian forest attribute map at its native resolution
showed lower RMSE and bias compared to previous studies. The RMSE values reported in this
study are smaller by 5 to 21% compared to those of the cross-validation result of the Norwegian
forest attribute map (Hauglin et al. 2021) and an independent validation conducted with forest
management inventories (de Lera Garrido et al. 2023). The bias values in our study are in line with
mean difference (MD) values reported by de Lera Garrido et al. (2023) , where independent field
validation has been used. However, different approaches have been used to evaluate the uncertainty
of the predicted forest attributes. Hauglin et al. (2021) assessed the predictions at the plot level
where the uncertainties are larger, and de Lera Garrido evaluated the predictions by back casting
the forest attributes maps to agree with the FMI field observation dates. The overall accuracies
of volume, basal area, and Lorey’s height in our study are comparable with those reported in the
Swedish forest attribute map by Nilsson et al. (2017).

The stand-level estimation of biomass, volume, and Lorey’s height in our study showed that
the lowest RMSEs were not achieved at the native resolution, but at a 5 or 10 m resolution. As sug-
gested by Packalen et al. (2019), this may be attributed to the fact that metrics derived from larger
plots tend to yield regression coefficients that more accurately represent the true values at a finer
spatial resolution. For basal area, we found that the highest accuracy was achieved at the native
resolution, however, the difference in RMSE at 5 and 10 m resolution was less than 1%. Our findings
regarding the trends in changes in RMSE at different spatial resolutions are in agreement with those
from Packalen et al. (2019), who reported a slight decrease in RMSE for both resolution dependent
and independent linear models for biomass at a finer spatial resolution (—-0.05% to —0.34%) and
a slight increase in RMSE at a coarser spatial resolution (up to 0.15%). We found this trend also
applicable for volume, while it was only partly applicable for basal area and Lorey’s height. These
two forest attributes show increased RMSE at 5 and 1 m resolutions. Nilsson et al. (2017) reported
a small decrease in RMSE in the case of predicting volume and Lorey’s height at finer resolution
in northern Sweden (changes in RMSE are 0.4% and 0.1%, respectively), which is in agreement
with our findings. They, however, also reported a slight increase in RMSE for volume in Southern
Sweden (2.1%) and for Lorey’s height (0.1%). Fassnacht et al. (2018) used simulated remote sens-
ing data and observed small changes in RMSE and slightly decreased RMSE with increased plot
size, which agrees with our findings. We also examined the RMSE trends with changing spatial
resolutions according to the dominant species. The results suggest that comparable RMSE values
achieved across all forest attributes and trends as observed in the aggregated results (Table 2).

We observe a slight underestimation for all attributes at the native resolution which is likely
due to the fact that we used completely independent field validation data following slightly different
measurement approaches and dates compared to the modelling data. Nonetheless, for the models
with resolution-independent variables (biomass, volume, and basal area) for spatial resolutions of
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5-30 m, we see the same trend as reported by Packalen et al. (2019) for biomass. The bias decreases
when decreasing the pixel size relative to the native resolution and increases when increasing the
pixel size relative to the native resolution. However, we also observed an increasing trend of the bias
again at the finest resolution of 1 m. The dominant species-specific changes in bias across varying
spatial resolutions overall showed the same trends compared to the aggregated results, just starting
at different levels for the native resolution. Overall, it is a well-known issue that model-predicted
maps based on remote sensing and empirical models result in biased estimates when aggregated
(Breidenbach et al. 2022; Stahl et al. 2024). However, unbiasedness is not a strict requirement at
stand level as long as biases are not too large. It has also been shown that maps with large bias can
be used to improve estimates if sufficient reference data are available (Réty et al. 2023).

We found that changes in RMSE and bias for the additive forest attributes to estimate at
stand-level are small, a finding that is consistent with the results of Packalen et al. (2019). They
reported that using resolution-independent predictor variables in the case of additive forest attrib-
utes such as biomass, a 4-times difference in resolution had a negligible effect on the uncertainty.
We have further found that this result can be expanded for other additive forest attributes such as
volume and basal area, and even a 16-times difference in resolution does not substantially affect
the stand-level uncertainty. However, it needs to be noted that calculating the predictor variables
(hmean_first, hmean_first sq, h95 first, and prop ab2m_first) at different spatial resolutions can
capture different physical meanings, especially at 1 m resolution. For instance, the mean height
of the first returns, reflects the canopy structure — higher values indicate larger canopy sizes and
densities — at a 16 m resolution. This metric is useful for predicting, inter alia, volume, as canopy
structure serves as a strong proxy for volume estimation. However, at finer resolutions (e.g., 1 m),
the mean height of the first return may have a different interpretation, as individual pixels may
not contain a single tree stem and should thus be zero which will not be the case when covering
parts of the canopy . Even though some lidar metrics such as mean height allow for some physical
interpretation, this is much less obvious for percentiles or metrics describing higher moments of
the ALS distribution. Overall, our study suggests that with certain limitations and cautions, even
Lorey’s height can be predicted at a different resolution than the NFI plot size as long as the reso-
lution difference is less than 2 times compared to the native resolution. This finding aligns with
Nilsson et al. (2017), who operationally used models for Lorey’s height fit at 25 m native resolution
while predicting maps with 12.5 m resolution.

5 Conclusion

Growing accessibility of spatially explicit, nationwide forest attribute maps showcases their
potential to provide wall-to-wall information about forest ecosystems, which can be used as a
comprehensive knowledge base for various forest monitoring tasks. The required spatial resolu-
tion of these applications can deviate from the spatial resolution of map pixels given the reference
plots. For instance, the proposed regulation on the European Forest Monitoring System allows
countries to provide harmonized forest attribute maps at 10 m resolution, which typically will
deviate the NFI plot sizes across the countries. Our results show that in an operational setting, the
forest attribute models fitted at the NFI plot size can be used to predict finer spatial resolutions
without large differences in RMSE and bias. Without the application of complex statistical scaling
methods, the fitted model at the NFI plot size can be used to produce forest attribute maps at a 10
or 5 m spatial resolution that even resulted in slightly improved estimates on stand level. Even
for extreme resolutions such as 1 m pixel size, the area-based approach can result in acceptable
accuracies for additive forest attributes such as biomass, volume, and basal area.
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