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Highlights
•	 Balancing false discovery and false negative rates improves rare tree species detection.
•	 Preferring volume- over count-based approaches makes ecological sense for rare tree species.
•	 We detected 70% of aspen volume and classified this volume with 31% false discovery rate 

and 54% false negative rate.
•	 Base rates of rare tree species have been overlooked in remote sensing literature.

Abstract
Some locally rare tree species – like European aspen (Populus tremula L.) – contribute dispro-
portionately to forest biodiversity, making their accurate monitoring important for conservation. 
However, most remote sensing studies of rare tree species ignore their low prevalence/base rate, 
necessary for model transferability. We aimed to assess European aspen classification under 
realistic landscape prevalence and find methods to improve classification performance. Across 
253 plots from field data in Våler, Norway we detected and segmented 5455 living trees, includ-
ing 55 European aspens (ca. 1% prevalence), from high-density airborne laser scanning (ALS) 
data merged with multispectral aerial imagery. Individual segments were then classified as Euro-
pean aspen or non-aspen using random forest and synthetic minority oversampling (SMOTE). 
We evaluated classification based on tree counts and summed tree volumes. To underpin the 
importance of prevalence consideration and compare our results, we also re-analysed published 
Fennoscandian European aspen classification studies. Contrary to a perfect balance, we found 
an optimal SMOTE-ratio at ca. 0.07 (European aspen–non-aspen ratio). Our count-based clas-
sification achieved 32% (16–52) false discovery rate (FDR) and 73% (60–83) false negative rate 
(FNR), whereas volume-based classification achieved 31% (11–51) FDR and 54% (38–71) FNR. 
Re-analysed studies averaged 66% FDR and 33% FNR at a 1% prevalence. Our results demon-
strate that rare tree species classification benefits from optimising majority–minority ratios and, 
given the ecological value of larger trees, volume-based approaches are warranted. Finally, we 
urge reporting landscape prevalence and adjust classification metrics to reflect these to enable 
transferability to real-world applications in rare tree species classification.
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1	 Introduction

Forests are considered essential for a wide array of species, with over half of known terrestrial 
species inhabiting forests (FAO 2024). The value of a forest for biodiversity is, however, inex-
tricably linked to its tree species composition (Leidinger et al. 2021). Due to dependencies on 
particular tree species, biodiversity may benefit from a variety of tree species in the landscape 
(e.g. Emrich et al. 2025). However, as forests are typically dominated by just a few species, even 
in tree-species-rich rainforests (Draper et al. 2021), a high tree species diversity in the landscape 
will rely on the ample presence of comparatively uncommon, i.e. rare tree species (Cazzolla Gatti 
et al. 2022). Some of these rare tree species are further considered disproportionately important 
for biodiversity or ecosystem functioning (e.g. tropical trees like Pouteria maxima T.D. Penn.: 
Mouillot et al. 2013; Whitebark pine [Pinus albicaulis Engelm.]: Jenkins et al. 2022). Moreover, 
many rare tree species are becoming increasingly rare, as anthropogenic pressures increase (Guo 
et al. 2022; Boonman et al. 2024) and some previously common biodiversity-rich tree species 
could become rare (Mitchell et al. 2022). To preserve rare tree species, accurate monitoring is 
essential, particularly for those that function as keystone species (Mills et al. 1993), support vul-
nerable ecosystem functions, or face a risk of extinction. Conducting such monitoring over large 
areas is inherently a task that can benefit from remote sensing, assuming that their rarity is not a 
severe detriment to their detection.

European aspen (Populus tremula L.) in Fennoscandia is a relatively rare tree species, 
typically representing 1–3% of all trees in a landscape. European aspen is considered a keystone 
species due to its disproportionate effect on biodiversity (Esseen et al. 1997; Kouki et al. 2004). 
Many species that rely on European aspen are particularly dependent on large-sized, old, and 
mostly dead European aspens (Tikkanen et al. 2006), which do not often occur outside protected, 
old-growth forests. Even inside protected, old-growth forests, European aspen has been found to 
be in severe decline (Hardenbol et al. 2020), putting further stress on European aspen-dependent 
species. As a result, many European aspen-dependent species are nationally red-listed in Fennos-
candia (Hyvärinen et al. 2019; SLU Artdatabanken 2020; Artsdatabanken 2021). The importance 
of European aspen for biodiversity and its decline in old-growth forests are fundamental reasons 
to monitor European aspen populations accurately.

Efforts to map European aspen from remotely sensed data have been undertaken with vari-
ous types of data since the early 2000s and with increasing vigour in the 2020s. These data types 
include airborne laser scanning (ALS) data, multispectral and hyperspectral aerial imagery, and 
combinations of these data types (Säynäjoki et al. 2008; Kivinen et al. 2020; Hardenbol et al. 2021; 
Korpela et al. 2022; Toivonen et al. 2024). Full-waveform ALS, aerial imagery, and combinations 
of aerial imagery with ALS data have been portrayed as particularly effective at detecting European 
aspen, with F1-scores up to 97% (Hardenbol et al. 2021; Mäyrä et al. 2021; Korpela et al. 2022). 
These studies were conducted in a variety of forest types, including dense old-growth forests 
where European aspen detection is critical. The main classification hurdle described in practically 
all European aspen detection studies is the mix-up of European aspen with birches. This problem 
is, however, diminished at certain times of the growing season, particularly in spring (Hardenbol 
et al. 2021).

Mapping European aspen from remotely sensed data appears highly effective when evalu-
ated under favourable sampling conditions. However, apart from Toivonen et al. (2024), previous 
studies have generally not accounted for the true landscape prevalence of European aspen in their 
evaluation designs. Reported European aspen proportions in evaluation data have reached up to 
31% (Kuzmin et al. 2021), far exceeding observed landscape proportions, even within the respec-
tive study areas. Such prevalence inflation can lead to a base rate fallacy, whereby classification 
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performance is misrepresented when a model is transferred to an area with a different prevalence 
of the target species without accounting for this difference. This is because some classification 
metrics depend on the prevalence of the target class: When a rare species such as European 
aspen is overrepresented in the evaluation data, false discovery rate (FDR; the probability that a 
detected individual does not belong to the target class) is underestimated and, correspondingly, 
user’s accuracy (UA) is overestimated when the model is applied to an area where aspen is less 
prevalent (Plevris 2025). In contrast, false negative rate (FNR; the probability that a true individual 
of the target class is missed) is not affected by class prevalence. For rare species, FDR and FNR 
are therefore particularly informative because they directly quantify the rates of false and missed 
detections, respectively.

The primary aim of this study was to determine whether European aspen can be classified 
with sufficient reliability for application in landscapes where it occurs at its naturally low preva-
lence. We further aimed to identify approaches that can improve the detection of this rare species, 
including addressing class imbalance, analysing all trees and canopy-reaching trees separately, 
and determining whether classification performance is better represented by tree counts or by tree 
volume. By re-evaluating previous European aspen classification studies at a realistic prevalence, 
we also aimed to determine how their reported performances translate to conditions in which 
European aspen is genuinely rare. This highlights the importance of prevalence consideration while 
also displaying how classification results of rare species can be properly compared across studies. 
Although European aspen provides the empirical case, these aims address a more general challenge 
in remote sensing-based classification of rare tree species: obtaining performance estimates that 
are informative for real-world applications.

2	 Material and methods

2.1	 Study area

Our study area was located in the Våler municipality in Østfold county, Norway, about 50 km 
southeast of Oslo (approximate centre coordinates: 59°31´N, 10°54´E [EPSG: 4326 – WGS 84]; 
Fig. 1). Our study area lies in the Boreonemoral zone (Moen and Lillethun 1998). The area is 
characterised by a gently undulating landscape dominated by forests and agricultural land. The 
ridges typically have shallow soils and low productivity, while the lower areas have more pro-
ductive sites. The forest is actively managed for timber production by private forest owners. The 
dominant tree species in the study area are Norway spruce (Picea abies (L.) H. Karst.) and Scots 
pine (Pinus sylvestris L.). Silver birch (Betula pendula Roth) and downy birch (B. pubescens 
Ehrh.) are rather common, while less common species include European aspen, goat willow 
(Salix caprea L.), rowan (Sorbus aucuparia L.), and grey alder (Alnus incana (L.) Moench). This 
taxonomy is based on the database from the Missouri Botanical Garden (2026).

Based on data collected in 2022 from the Rygge – Huggenes weather station (59°24´N, 
10°45´E; Norwegian Centre for Climate Services [2026]), the average air temperature of the coldest 
month was –3.5 °C in January and of the warmest month +17.1 °C in July. Annual precipitation 
was 782 mm, and the growing season lasted from 25 March to 14 November, accumulating 1721 
degree days using a minimum threshold of 5 °C.
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2.2	 Field measurements

The field data comprised all standing trees (diameter at breast height [DBH] ≥ 4 cm) and their 
characteristics from 253 plots located within young and mature stands, i.e. with tree heights above 
8–9 m. The plots, each covering a circular area of 400 m2, were in a fixed grid and the distance 
between plots was about 150 m. The field measurements were carried out during the summers of 
2022 and 2023. The plots were positioned using a global navigation satellite system, with post-
correction to achieve submeter precision. Because the plots were established during different 
inventory campaigns, the positioning procedures varied. Details for plots established in the original 
inventory are provided by Næsset (2002), whereas procedures for additional plots established in 
2023 are described by Candelas Bielza et al. (2025). The tree characteristics measured were status 
(dead or living), tree species, DBH, and the position of each tree in the plot with compass direc-
tion and distance from the plot centre. Additionally, the heights of, on average, ten sample trees 
per plot were measured, selected with a probability proportional to stem basal area. These tree 
heights were measured with a Haglöf Vertex hypsometer. For the remaining trees, heights were 
predicted using height–DBH models by Vestjordet (1968) and Fitje and Vestjordet (1977), fitted 
for each plot separately. To improve the agreement between the heights and remotely sensed data, 
we adjusted the heights based on Näslund-curves (Näslund 1936) fitted to the entire dataset using 
non-linear regression with exponent 2 for Scots pine and broadleaves and 3 for Norway spruces. 
Of the final height, 40% was based on Näslund-curves and 60% on the plot-based estimates. This 
improved the height matching for the tallest trees considerably.

Fig. 1. The location of our study area in pink (Våler municipality) in Norway (top left; made with Natural Earth), a 
zoomed in view of the 253 plot locations in blue (top right; made with Esri World Imagery), and a circular cross-section 
of the point cloud obtained from near the perimeter of a single plot coloured by height (bottom; made with own data).
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In total, 15 764 standing trees were inventoried: 1672 dead (not considered in this study) 
and 14 092 living trees. Among the living trees, we found 7990 Norway spruces, 4156 Scots pines, 
2632 birches (combined silver and downy birch), 116 European aspens, 25 goat willows, and 348 
other broadleaves (mainly rowans and grey alders). The spread of DBH and height values measured 
per species are shown in Fig. 2 (European aspen) and Supplementary file S1 (other tree species), 
available at https://doi.org/10.14214/sf.26012. Tree volumes were calculated using the R package 
TaperNOR (Hansen et al. 2023) in R, version 4.5.2 (R Core Team 2025) which has models for Scots 
pine, Norway spruce, and birches. The volumes of all other broadleaves, including European aspen, 
were calculated using the taper curves fitted for birches, as birches were the only broadleaved spe-
cies with taxon-specific taper models. The resulting volume estimates for broadleaves other than 
birches should therefore be regarded as approximations and may be associated with a considerable 
margin of error, likely larger than the reported RMSE of 19.7% for birches.

2.3	 Remotely sensed data

Two remotely sensed datasets were used, both fully covering the study area: High-point-density 
ALS data with an average of ca. 250 points m−2 (ca. 145 points m−2 of first of many and single 
returns) and multispectral imagery with a ground sampling distance of 16.5 cm.

The ALS data were acquired with a fixed-wing Piper PA-31 Navajo and a dual channel 
RIEGL LMS-VQ-1560II-S laser scanner (RIEGL GmbH) on 8 July 2022 by Field Geospatial AS. 
Weather conditions during acquisition were generally favourable, with a mean air temperature of 
approximately 18 °C, no recorded precipitation on the acquisition day, and moderate winds (daily 
mean 4.3 m s⁻1, maximum hourly mean 7.7 m s⁻1, maximum gust 10.8 m s⁻1). Although 7.6 mm of 
precipitation was recorded on the preceding day, little precipitation occurred during the three days 
before that. The flying altitude was 940 m above ground level and data from 18 flight lines were 
collected with a side overlap of 81%. The half-scan angle was 29°, the swath width was 1053 m, 
and the pulse repetition frequency was 2000 kHz per channel. The multipulse mode was turned on. 
In this scanner, the divergence (1 e−2) of the laser beam (λ = 1064 nm) is 0.23 mrad, which leads to 
a footprint of about 0.19 m. This scanner records multiple returns (echoes) per pulse, which were 
later categorised as first of many, intermediate, last of many, and single returns.

High-resolution multispectral aerial imagery was collected on the same date and with the 
same aircraft as the ALS data but in a separate acquisition flying at an altitude of 3500 m above 
ground level. The images were collected with an UltraCam Osprey 4.1 camera (Vexcel Imaging 
GmbH) from three flight lines, two of which were parallel with a side overlap of 53% and a forward 

Fig. 2. The number of detected and undetected field-measured European aspens by height (left), diameter at breast 
height (centre), and volume (right) from our study area in Våler, Norway.

https://doi.org/10.14214/sf.26012
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overlap of 80%, and the third perpendicular to the prior two. The system was equipped with a 49.75 
mm focal length lens and a 8760 × 12 840-pixel (6.016 μm × 6.016 μm pixel size) sensor for colour 
images (red, green, blue, and near-infrared [NIR] bands) and a sensor for panchromatic images, 
the latter being unused in the current study. The images were not pan sharpened or orthorectified.

2.4	 Processing of remotely sensed data

Applying photogrammetric principles described by Packalén et al. (2009), we added spectral 
information (red, green, blue, and NIR bands) from the unrectified multispectral imagery to the 
ALS-derived point cloud. This was done through collinearity equations with knowledge of camera 
locations and orientations at the time of exposure of each image and internal camera parameters. 
The per-channel digital number for each pixel was averaged across all images in which a 3D point 
was observed.

Ground hits were identified and classified from the collected ALS data using the progressive 
triangulated irregular network (TIN) of the TerraScan software (Terrasolid 2024). Heights above 
the created TIN surface were calculated for all echoes by subtracting the respective TIN heights 
from their height values. Subsequently, the ALS data were filtered for outliers and noise using 
the filter_noise-function with default parameters from the R package lidR (Roussel et al. 2020).

2.5	 Individual tree detection and matching

Individual trees were segmented from ALS point clouds using instance segmentation with the 
deep-learning framework ForAINet (Xiang et al. 2024), using the TreeMix version of the model. 
While primarily fitted for mobile and terrestrial laser scanning data, the segmentation appeared to 
work without problems based on a visual inspection of the results. The stem was identified using 
the semantic segmentation of the algorithm. The location of the tree was calculated as the centre 
point of the stem hits. For some small trees no stem hits were found, and in these cases, the loca-
tion of the tree was calculated as the centre point of all hits.

Trees were matched using a modified version of the algorithm described by Kostensalo et 
al. (2023). Pairwise horizontal (XY) and vertical (Z) distances were calculated between all indi-
vidually detected and field-measured trees within each plot. Candidate matches were filtered and 
ranked according to distance- and match-quality criteria (Suppl. file S2). To enforce a one-to-one 
correspondence, the highest-ranked candidate was retained for each field-measured tree and sub-
sequently for each individually detected tree. Thus, each field-measured tree could be matched to 
at most one individually detected tree and vice versa.

2.6	 Feature engineering

Prior to calculating features, we assessed differences in intensity values between the laser scanner’s 
two channels. After confirming that the differences between them were small and not systemati-
cally biased, we applied linear scaling to harmonise both the mean and standard deviation of the 
second channel to those of the first.

We calculated a total of 98 spectral and ALS-derived tree- and plot-level features (Suppl. file 
S3). All tree-level features, except those from the “Return patterns” category, were calculated using 
only returns above two metres to avoid the effect of ground vegetation. The features were calculated 
using all returns, first of many and single returns, and later returns. Moreover, note that all height 
percentiles, mean heights, and minimum heights were normalised into relative values by dividing 
their values by the maximum height of the individual segments. This way the height distribution 
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features retained the information related to crown shape but ensured that tree height did not have an 
effect in classification, which made the classification models more general (Ørka et al. 2009). The 
ForAINet framework provided some additional information on whether branches in the segments 
are dead or alive, from which we calculated some additional tree-level features. Prior to species 
classification, highly correlated features (Pearson’s r > 0.95) were removed using the findCorrela-
tion-function from the R package caret (Kuhn 2008) to reduce multicollinearity among predictors.

2.7	 Species classification

Due to the rarity of European aspen samples in our data, we artificially adjusted our data by applying 
the synthetic minority oversampling technique (SMOTE; Chawla et al. 2002) with the R package 
performanceEstimation (Torgo 2014). Rather than arbitrarily selecting the under- and oversam-
pling values, we examined the effect of different values, giving us different ratios of European 
aspens to non-aspens. This was evaluated using a five-fold tree-level cross-validation with the R 
package ranger (Wright and Ziegler 2017) at default settings (Boehmke and Greenwell 2019), and 
the combination yielding the best overall classification performance was selected (Suppl. file S2).

Segments were subsequently classified into European aspens and non-aspens using hyper-
parameter-tuned random forest (five-fold plot-level cross-validated) and the selected optimum 
degree of under- and oversampling. To create the five folds, we calculated the European aspen 
volume in each plot. We then ordered the plots by European aspen volume and repeatedly assigned 
numbers to the plots in this order from one to five, corresponding to the folds. Hyperparameters 
were tuned to balance FDR and FNR by selecting the lowest value of FDR2 + FNR2, separately 
for each fold (Suppl. file S2).

We conducted the species classification twice, once for all trees and once for only canopy-
reaching trees, which are defined as trees within four meters from the highest laser echo in each 
plot. Both classifications used the same optimum degree of under- and oversampling. Finally, we 
calculated several metrics (Table 1) based on both traditional counts of individual trees but also on 
the volumes of individual trees. Note that while support vector machines were also tested, random 
forest outperformed them in this case, consistent with its proven effectiveness for tree species 
classification (Taher et al. 2026).

For both classifications, we also conducted variable-importance measures using impurity-
based importance scores from the R package ranger to detect the 20 features with the largest role 
in species separation.

2.8	 Estimation

We took a Bayesian approach (Gelman et al. 2013) to the estimation of classification performance. 
Our main interest lay in parameters related to binary classifications, namely FDR and FNR. We 
modelled these probabilities using the Beta distribution, which is a conjugate prior for the success 
probability in Bernoulli trials. Consequently, if the prior distribution is p(θ) = Beta(α,β), then the 
posterior distribution given the data y is:

p y x n x� � �| , , ( )� � � � � �� �Beta 1

where x is the number of successes and n the number of trials. For Bernoulli experiments, the Jef-
freys prior, i.e. a non-informative prior distribution which is invariant under change of variables 
(Jeffreys 1946), is Beta(0.5,0.5), and the corresponding posterior distributions are of the form 
Beta(0.5 + x,0.5 + n – x). We denote the corresponding cumulative distribution by F(x;α,β).
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In frequentist estimation, the 95% confidence interval (C.I.) can be estimated using, for 
example, the law of large numbers or straightforwardly by bootstrap sampling (Efron and Tibshi-
rani 1994). In the Bayesian approach, an analogous quantity is the 95% posterior credible interval 
(Cr.I.) which can be calculated in several ways, but here we use the equal-tailed interval given 
by [F(0.025;α,β),F(0.975;α,β)]. A more typical Bayesian choice would be to use the 80% highest 
density interval, but we wished to keep a closer connection to frequentist approaches, as we will 
be re-analysing previous works which did not use a Bayesian approach.

The classification metrics appearing in this work are listed in Table 1. The Bayesian versions 
of the primary metrics have been calculated with Beta(0.5,0.5) as the prior distribution. For large 
samples, the Bayesian and frequentist definitions converge. For small samples, the behaviour is 
more reasonable: for example, given FP = 0 and TP = 5, one would estimate FNRtree = 0% (frequen-
tist), and the estimation of the 95% C.I. breaks down. However, with the Bayesian approach, the 
estimate is FNRtree = 8.3% with 95% Cr.I. [0.0%,37.9%], which reflects the fact that with a sample 
size of n = 5 we should be relatively unsure about the actual FNR in the population of interest.

Table 1. Definitions of the binary classification measures used in this work. The Bayesian estimate of FDRtree (base 
rate p) is defined using the expected value and estimated by the mean of the distribution obtained directly by simulating 
samples from the false discovery rate and true positive rate distributions. Note that Cohen’s Kappa is primarily included 
for illustrative purposes, although its use in low prevalence classification is discouraged (Foody 2020).

Primary metrics Frequentist approach Bayesian approach (Jeffreys prior)

FNRtree

FNRvolume

FPRtree

TPRtree

FDRtree (sample)

FDRvolume (sample)

FDRtree (base rate p)

Secondary metrics

F1-score

User’s accuracy

Producer’s accuracy

Overall accuracy

Cohen’s Kappa

Matthews correlation coefficient

FDR = False discovery rate, FN = False negative, FNR = False negative rate, FP = False positive, TN = True negative, TP = True 
positive, and TPR = True positive rate.

FN

TP FN+
FN

TP FN

volume

volume volume+
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TP FP TP + FN TN FP TN FN

� � �
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1 2/
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� �� �
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For the volume-based approach, the detection probability depends non-trivially on spe-
cies and volume, and thus we take a non-parametric approach here, opting to use non-parametric 
bootstrap for interval estimation (Efron and Tibshirani 1994). The secondary metrics are listed for 
completeness in the results section and are only reported in their usual frequentist form.

2.8.1	Breaking points, FDR, and FNR

In this work, we argue that for rare species detection the two most important metrics are FNR and 
FDR with an appropriate base rate. These metrics should be balanced to obtain reasonable marginal 
results, i.e. a representative number of the target species on average in large-area applications.

The base rate at which FDR exceeds 50% was considered the breaking point of the classi-
fier. Below this threshold, a tree (or volume element) classified as the target species is more likely 
not to belong to the target species than to belong to it. Maps produced in environments where 
the target-species prevalence falls below this breaking point therefore arguably have insufficient 
local accuracy. Thus, either the test sample needs to be representative of the target application, 
or the effects of prevalence differences need to be accounted for using the prevalence-adjustment 
formulae given in Table 1.

2.9	 Systematic literature review and re-analysis

We conducted a systematic literature review to identify peer-reviewed and grey literature studies 
in which tree species classification with European aspen as one of the classes was conducted in 
Fennoscandia. Searches were carried out in Web of Science, Google Scholar, and national databases 
for theses and reports. For these databases, we used the following string of keywords in English 
and in the relevant native languages: (“European aspen” OR “Populus tremula”) AND (“species 
classification” OR “species detection”) AND (“remote sensing” OR “lidar”) AND (“boreal” OR 
“Norway” OR “Finland” OR “Sweden” OR “Fennoscandia”).

Studies were included if they reported clear confusion matrices in which all numbers were 
reported. Moreover, the data had to have been collected in a proper forest and not an arboretum or 
urban area. Titles and abstracts were screened for relevance, followed by full-text reviews. Rel-
evant data (comprising remotely sensed data, statistical methodology, study location, and relevant 
commentary) are presented in Suppl. file S4.

The selected literature was then re-analysed to assess how the produced confusion matrices 
would perform under the assumption of a 1% prevalence of European aspen in a forest, ignoring 
height or DBH limitations set by the authors. The FNR and FDR estimations and their posterior 
credible intervals were based on the Bayesian estimators listed in Table 1.

3	 Results

3.1	 Tree detection and matching

Of the 14 092 living trees recorded across 253 plots, 5455 were successfully matched to digitally 
detected trees (39%; 55 European aspens and 5400 other tree species). The detection probabilities 
by individual trees and by volume for the various species were, respectively: 35% and 64% for 
Norway spruce, 56% and 77% for Scots pine, 28% and 51% for birches, 47% and 70% for Euro-
pean aspen, 16% and 12% for goat willow, and 16% and 27% for other broadleaves. Despite the 
high-point-density ALS data which we employed, penetration of the canopy was insufficient to 
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detect a large proportion of the understorey and smaller-sized trees (European aspen: Fig. 2, other 
tree species: Suppl. file S1). Meanwhile, we encountered 1079 commission error trees, originating 
mainly from boundary trees and split segments, which were excluded because they could not be 
reliably matched to field trees. When sub-setting all correctly detected trees to just canopy-reaching 
trees, we are left with 2007 trees (31 European aspens and 1976 other tree species).

3.2	Optimising European aspen classification

Applying SMOTE at different degrees of over- and undersampling resulted in clearly different 
classification results (Fig. 3). These results showcase that the degree to which the minority class is 
balanced against the majority class with SMOTE has considerable implications on classification 
accuracies. Working with the original unbalanced dataset (55 European aspens to 5400 other spe-
cies) results in zero detection of European aspen, which warrants the use of SMOTE. To select the 
optimum degree of SMOTE, the results from random forest with five-fold tree-level cross-validation 
applied to different degrees of SMOTE were compared by evaluating the F1-score of European 
aspen, the user’s and producer’s accuracy of European aspen, Cohen’s kappa, and the overall accu-
racy of each classification. This resulted in an optimum of oversampling by 7 and undersampling by 
17, providing a ratio of 0.07 European aspen to other species (440 European aspens to 6545 other 
species) or in the case of canopy-reaching trees, 248 European aspens to 3689 other species.

In addition to our optimum degree of SMOTE, tuning the hyperparameters of random forest 
assisted in balancing FDR and FNR. With optimal values of SMOTE and the hyperparameters, 
our classification of all trees with five-fold plot-level cross-validation resulted in a 32% FDR and 
73% FNR for European aspen when predicting individual trees (count-based) and an amended 
31% FDR and 54% FNR for European aspen when predicting volumes of trees (volume-based; 
Table 2). In the count-based approach, the seven other tree species misclassified as European aspen 
were five birches, one other broadleaf, and one Norway spruce. Classifying only canopy-reaching 

Fig. 3. The effect of different ratios of European aspen to other tree species from our study area in Våler, Norway re-
sulting from synthetic minority oversampling technique (SMOTE) with various degrees of over- and undersampling 
on the F1-score of European aspens. The over- and undersampling values in this figure ranged from 2 to 24 in steps of 
2 (following criteria from the R package performanceEstimation). Oversampling values go from 2 to 24 from right to 
left for each undersampling value.
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Table 2. Tree-level confusion matrices from random forest with five-fold plot-level cross-validation for all segmented 
trees and only canopy-reaching trees (trees within four meters from the highest laser echo in each plot). We show count-
based and volume-based results (in m3) with 95% posterior credible intervals in parentheses. Results from our study 
area in Våler, Norway.

All trees (count-based)

Predicted class
European aspen Other Sum FNR

Observed class European aspen 15 40 55 73% (60–83)
Other 7 5393 5400  
Sum 22 5433  
FDR 32% (16–52)  

All trees (volume-based)

Predicted class
European aspen Other Sum FNR

Observed class European aspen 9.5 11.1 20.6 54% (38–71)
Other 4.3 1613.6 1617.9  
Sum 13.8 1624.7  
FDR 31% (11–51)  

Canopy-reaching trees (count-based)

Predicted class
European aspen Other Sum FNR

Observed class European aspen 11 20 31 65% (47–79)
Other 3 1973 1976  
Sum 14 1993  
FDR 21% (7–46)  

Canopy-reaching trees (volume-based)

Predicted class
European aspen Other Sum FNR

Observed class European aspen 7.0 8.5 15.5 55% (35–75)
Other 1.7 1048.2 1049.9  
Sum 8.7 1056.7  
FDR 20% (0–43)

FDR = False discovery rate, FNR = False negative rate.

Table 3. Several standard metrics shown from random forest with five-fold plot-level cross-validation for all seg-
mented trees and only canopy-reaching trees (trees within four meters from the highest laser echo in each plot) with 
count-based and volume-based results from our study area in Våler, Norway.

F1-score  
European aspen

User’s accuracy 
European aspen

Producer’s accuracy 
European aspen

Overall  
accuracy

Cohen’s  
Kappa

Matthews correla-
tion coefficient

All trees (count-
based) 0.39 0.68 0.27 0.99 0.39 0.43

All trees (volume-
based) 0.55 0.69 0.46 0.99 0.55 0.56

Canopy-reaching 
trees (count-based) 0.49 0.79 0.35 0.99 0.48 0.52

Canopy-reaching 
trees (volume-based) 0.58 0.80 0.45 0.99 0.57 0.60

trees, our classification improved to 21% FDR and 65% FNR (count-based) and 20% FDR and 
55% FNR (volume-based). In the count-based approach, the three other tree species misclassified 
as European aspen were one birch, one other broadleaf, and one Norway spruce. Further standard 
metrics are shown in Table 3.
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From variable-importance measures (Fig. 4), it is apparent that both spectral and ALS-derived 
features are important for the classification of both all trees and canopy-reaching trees. Nevertheless, 
spectral features, particularly those describing the relationship between the NIR band and other 
bands, were among the highest-ranked variables. From ALS-derived features, both those related 
to intensity and those related to tree shape (e.g. Hull area proportion) are important.

3.3	Re-analysis of tree-level European aspen classification

A total of ten studies were included in our re-analysis, seven of which have been published in 
scientific journals (Table 4). The remotely sensed data they examined included (full-waveform) 
ALS data, colour-infrared imagery, (high-resolution) multispectral imagery, and hyperspectral 
imagery, sometimes in combination (Suppl. file S4). Overall, assuming a base rate of 1%, it is 
evident that previous studies have struggled with European aspen classification, with either high 
FDR or high FNR to the benefit of the other, although two studies showed both high FDR and 
high FNR. Our results fit this pattern, with in our case, a low FDR at the expense of a high FNR, 
despite our attempt to balance these two. For landscape-level predictions, assuming European aspen 
base rates of 0.5, 1, and 2%, studies with high FDR overestimate European aspen prevalence with 
predictions being more accurate at higher base rates (Suppl. file S5). In contrast, studies with high 
FNR underestimate European aspen prevalence with predictions being more accurate at lower base 
rates. For local-level predictions, we identified the breaking points at which FDR exceeds 50% 
from all publications, meaning that a predicted European aspen is more likely to not be an actual 
European aspen. These breaking points, which ranged from 0.4–9.9%, define the minimum base 
rates at which the respective constructed models remain effective.

Fig. 4. Variable-importance measures for the 20 best features to separate European aspen from non-aspen species for all 
trees and only canopy-reaching trees from our study area in Våler, Norway. A green font colour represents ALS-derived 
features, while a blue font colour represents spectral features. Abbreviations: / = division of two image bands, R = Red, 
G = Green, B = Blue, NIR = near-infrared, NDVI = normalised difference vegetation index, I = intensity, H = height, 
P = percentile, SD = standard deviation, XY = XY-plane, f = first and only echoes, pcum = cumulative percentage of 
returns in the xth layer.
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4	 Discussion

There is a growing global interest in detecting rare tree species using remotely sensed data, pri-
marily for biodiversity monitoring and conservation purposes (Cerrejón et al. 2021; Weinstein et 
al. 2023). However, accurately classifying rare species remains a widespread challenge (Piiro-
inen et al. 2018; Erfanifard et al. 2025; Kamińska et al. 2025). Studies typically face a trade-off 
between using representative samples, which include few individuals of the rare species in ques-
tion, or applying targeted sampling, resulting in an overrepresentation of the rare species. With 
representative samples, the usually low sample size of rare tree species necessitates techniques 
like synthetic over- and undersampling (Toivonen et al. 2024) or tailored analytical approaches 
(Weinstein et al. 2023). If applying SMOTE, the exact degree of over- and undersampling should 
be carefully analysed as we show. Most frequently, targeted sampling is employed, as seen in all 
but one of the re-analysed studies on European aspen, with typically well-balanced tree species 
proportions (Viinikka et al. 2020; Hardenbol et al. 2021; Mäyrä et al. 2021; Korpela et al. 2022). 
Classification results from such targeted sampling may seem strong, but as we show in this study, 
the actual prevalence of rare tree species needs to be considered – particularly when the aim is to 
apply resulting models beyond their respective sampled datasets. Alternatively, base rate fallacies 
whereby rare tree species are overestimated will occur. In general, previous studies on European 
aspen detection have resulted in suboptimal classifiers where the balance between FDR and FNR 
has been ignored.

Accounting for actual base rates reveals that previous studies, in this case on European aspen, 
have often presented overly optimistic results. This highlights a limitation of confusion matrices, 
which can give the impression of better model performance than is warranted and are frequently 
interpreted at face value by readers (Plevris 2025). Beyond the issue of base rate neglect, confusion 
matrices typically overlook omission and commission errors, and rarely report confidence inter-

Table 4. Re-analysis of ten previous publications on tree species classification from remotely sensed data in Fen-
noscandia where European aspen was included as a class. For comparison, our count-based results from this study 
are displayed in red but not included in the median and mean calculations. Assuming a 1% base rate (meaning that 
European aspen represents 1% of all tree species in an area), we display the false negative and false discovery rates (the 
latter being strongly affected by the selected base rate) of these publications and our results in this study with their 95% 
posterior credible intervals in parentheses.

Author(s) N other N European 
aspen

European  
aspen (%)

FNR FDR  
(sample)

FDR  
(1% BR)

Erikson 2004 777 14 1.8% 30% (10–55) 38% 52% (31–72)
Kulikova et al. 2007 34 14 29% 17% (3–39) 14% 86% (59–96)
Ørka et al. 2007 203 21 9% 75% (55–90) 44% 88% (70–97)
Viinikka et al. 2020 528 178 25% 11% (7–16) 8% 73% (61–82)
Mäyrä et al. 2021 448 82 15% 13% (6–21) 6% 56% (33–73)
Kuzmin et al. 2021 63 28 31% 19% (7–35) 15% 88% (73–95)
Hardenbol et al. 2021 383 104 21% 4% (1–9) 3% 45% (19–68)
Korpela et al. 2022 2405 167 6% 23% (17–30) 16% 57% (47–66)
Bjørnbet 2024 431 48 10% 62% (48–75) 50% 91% (86–95)
Toivonen et al. 2024 33 164 31 0.1% 77% (61–89) 80% 28% (16–46)
Median 439 39 8% 21% 16% 65%
Mean 3844 69 18% 33% 27% 66%
This work (all trees) 5400 55 1% 72% (60–83) 32% 33% (16–52)
This work (canopy-reaching trees) 1976 31 1.5% 65% (47–79) 21% 32% (10–57)

ALS = Airborne laser scanning, BR = Base rate, CIR = Colour-infrared, FDR = False discovery rate, FNR = False nega-
tive rate, HS = Hyperspectral imagery, MS = Multispectral imagery, RS = Remote sensing.
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vals or posterior credible intervals, complicating model performance comparisons between studies 
(Caelen 2017; Tötsch and Hoffmann 2021; Lovell et al. 2023). In the case of European aspen, many 
earlier studies should therefore be regarded primarily as feasibility assessments rather than demon-
strations of readiness for large-area mapping. While our own results are not necessarily superior to 
those of previous studies on European aspen, we present them in a manner that allows their evalu-
ation for large-area application by explicitly accounting for base rates and uncertainties in model 
performance. It should be noted, that with some studies like Kulikova et al. (2007) the sample sizes 
have been so small that even a perfect confusion matrix would not have guaranteed an FDR below 
50% with 95% probability if the base rate is approximately 1%. It is not so much the small number 
of European aspens (n = 14) but the small number of non-aspens (n = 34) which is the issue here.

To map rare species over large areas, one should consider both tree- and landscape-level 
accuracy. For tree-level accuracy, the primary aim should be to get FDR as low as possible, while 
balancing it with FNR. If FDR exceeds 50%, then local accuracy breaks down, and trees classified 
as “the rare species X” are more likely to not be species X than to be species X. On the landscape 
level, with proper balancing of FDR and FNR, the results are, on average, unbiased. A higher FDR 
will result in too many detected trees of species X while a higher FNR in too few. Large sample sizes, 
especially of the dominant species, are needed to pin down the population FDR and FNR values 
to ensure this balance. Specifically for European aspen, we find that their accurate classification 
is suffering from either high FDR or FNR across this work and previous studies, which compli-
cate real-world application. Considering the relatively low FDR, FNR, and breaking point values 
(Suppl. file S5), the most successful studies have utilised full-waveform ALS data (Korpela et al. 
2022), ALS data plus hyperspectral imagery (Mäyrä et al. 2021), and multispectral drone imagery 
obtained in spring (Hardenbol et al. 2021), if we ignore manual species interpretation (Erikson 
2004). As such, these studies do not severely over- or underestimate European aspen presence, 
although we would argue that further improvement is still necessary for real-world application.

To improve European aspen detection, we propose that, besides solely reporting count-based 
confusion matrices as all previous studies have done, studies should report volume-based confusion 
matrices that contain the summed volumes of individual trees rather than their summed counts in 
each part of the matrix. This change of focus may be ecologically prudent due to the importance of 
large European aspens for biodiversity (Kuusinen and Penttinen 1999; Tikkanen et al. 2006). The 
count-based results may also give overly pessimistic results, as smaller trees are generally much 
more difficult to classify. In recognition of this, previous studies have often limited their analyses 
to trees above a certain diameter (Toivonen et al. 2024) or canopy-reaching trees (Hardenbol et 
al. 2021). This, however, means that we are not capturing all European aspens, and the detection 
of smaller trees of 5–15 cm in DBH could be valuable in, for example, old-growth forests where 
we find a severe lack of recruitment (Hardenbol et al. 2020). This could possibly be resolved by 
using resampling methods as well as the different detection rates between tree species (Kostensalo 
et al. 2026). Additionally, data collection could consider the use of phenological phases that occur 
only temporarily every year (Hardenbol et al. 2021), possibly using bi-temporal data (Liang et 
al. 2025). Moreover, instead of attempting to map rare tree species, including European aspen, 
across large areas indiscriminately, the classification accuracy of rare tree species could benefit 
from stratified sampling and habitat suitability considerations in connection with breaking points 
and spectral mixing. Specifically, stratified sampling would pertain to stand types where the base 
rates of tree species, including those of rare species, varies considerably (Erfanifard et al. 2025). 
European aspen, for example, is typically rarer in Scots pine-dominated forests with dry soil types 
(Esseen et al. 1997). Between stand types, classification accuracy is expected to rise or fall due to 
the presence or absence of certain species. For European aspen, this could be due to variation in 
the number of birches, with which it is easily mixed (Hovi et al. 2017). Importantly, the useful-
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ness of volume-based confusion matrices depends less on the absolute accuracy of individual tree 
volume estimates than on their ability to preserve relative differences in tree size; thus, moderate 
random or scaling errors are unlikely to affect interpretation, whereas strong size-dependent biases 
could reduce their informativeness.

For forest biodiversity estimation purposes, direct mapping of tree species from remotely 
sensed data remains a contentious approach due to our limited capabilities to separate multiple 
species (Fassnacht et al. 2016, 2024), especially in species-rich places (Feret and Asner 2013). 
If our interest lies purely in estimating tree species diversity in an area – as a measure of general 
forest biodiversity – then approaches based on, for example, the spectral variability (Fassnacht et al. 
2022) or height variation (Torresani et al. 2020) hypotheses are likely preferred in many instances. 
However, the ability to directly map certain tree species as in this study remains important for 
species that are considered keystone species, support vulnerable ecosystem functions, or face a 
risk of extinction, among other things. With considerations for rare tree species mapping laid out 
in this study, we encourage further attempts at direct mapping of tree species, albeit with a vision 
towards real-world application. Resulting maps could then be used for a variety of purposes, such 
as population (health) monitoring, habitat suitability mapping, invasive species management, and 
protected area establishment.
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