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ARTICLE INFO ABSTRACT

Keywords: In 2020, the National Land Survey of Finland (NLS) started to acquire airborne laser scanning (ALS) data with a

CNN ) nominal pulse density of 5 pulse/m?, representing a significant increase compared to the ALS data collected in

Forest inventory earlier scanning campaigns. In our previous study utilizing lower density ALS data we have found that a three-

E::i?oi:asr;riliig dimensional convolutional neural network (3D-CNN) yielded results comparable to our benchmark genetic al-

ALS gorithm supported k-nearest neighbors (k-NN) method. In this paper, we compared the performance of our 3D-
CNN model using voxelized ALS data with an increased point density to the benchmark k-NN method in esti-
mating forest stand variables. The emphasis of our study was on the generalizability of tested models trained on
independent, spatially uncorrelated datasets. For this reason, we utilized three datasets from different parts of
Finland, of which two (Mikkeli and Aénekoski) are situated in the southern and one (Kolari) in the northern
boreal bioregion. Models were trained with each of the datasets and cross-validated using the two other datasets
and results reported separately.

The 3D-CNN outperformed our benchmark model by more than 9 % in terms of relative RMSE over all training
sets, validation sets and forest variables. On the other hand, k-NN performed slightly better than CNN regarding
average relative bias by 4.9 % over all datasets and variables. It Is also important to mention, that over 94 % of
RMSE results were proven to be statistically significant, whereas over 40 % of bias results showed no statistically
significant differences between the methods. Most remarkable differences are produced by models trained and
validated by datasets from the same bioregion (Mikkeli and Aznekoski). Relative RMSE scores calculated from
CNN predictions were lower compared to the benchmark method by 5.7 %, 25.3 %, 19.6 %, and 63.3 % for
volume of total growing stock, pine, spruce, and broad-leaved, respectively. Based on these results we can state
that models trained with the 3D-CNN used in our study are better generalizable at least within the same
bioregion compared to our benchmark method. Increased prediction accuracy especially in terms of tree species-
specific volumes could bring benefits to forest management practices, planning of harvest, or biodiversity
research.

1. Introduction

Airborne laser scanning (ALS) of entire Finland is currently under-
way as part of a national laser scanning program by the National Land
Survey of Finland (NLS). The current laser scanning is the second rota-
tion of the entire country, aiming at significantly higher pulse density
(nominal density of 5 pulse/m?) than the previous rotation carried out in
2008-2019, which had a pulse density of 0.5 pulse/mz.

ALS-based point clouds are currently seen as the most accurate
remote sensing (RS) method in forest inventory (Fassnacht et al., 2024;
Kangas et al.,, 2018; Maltamo et al., 2021). ALS, as a “true” 3-
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dimensional (3D) RS method, can provide information of multiple
canopy layers as well as the terrain surface. Even very low density ALS
data can significantly improve prediction of forest stand variables as
demonstrated for instance by Tuominen et al. (2017). Typically, oper-
ational ALS-based forest inventories utilize area-based approach (ABA)
as opposed to individual tree detection. In ABA stand variables are
predicted e.g. for square shaped elements of a systematic inventory grid
using field plots of comparable size as a reference data. Statistically it is a
case of model-based estimation, where the value in each pixel (grid cell)
is predicted with a model calculated from a sample (Maltamo et al.,
2021).
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In ABA quantitative features representing the structure of the point
cloud and the distribution of the points (i.e., returned LiDAR echoes) are
extracted for predicting the actual forest inventory variables of interest
(Naesset, 2002). The amount of features that can be extracted is often
very high which results in a high-dimensional feature space (e.g. Tuo-
minen and Haapanen, 2013).

Utilization of the data extracted from the point clouds in an optimal
way usually benefits from a suitable machine learning algorithm. The
algorithm selects an appropriate subset of features, develops, and trains
a model that predicts the variables of interest. Typical machine learning
methods used for this task are, for example, decision tree methods such
as random forest or the k-nearest neighbor method (k-NN) combined
with genetic algorithms that mimic natural selection (e.g. Corte et al.,
2020; Pohjankukka et al., 2018).

A number of studies have indicated that even with high density ALS
point cloud data, it is difficult to achieve accurate predictions of tree
species-specific volumes or proportions with geometric point cloud
features (based on single photon lidar scanning). This challenge arises
when using traditional machine learning algorithms such as decision
tree based methods, or support vector machines in combination with
user defined point cloud features (Deng et al., 2016; Prieur et al., 2021;
Yu et al., 2017).

Instead of extracting user-defined features from point clouds, it is
possible to utilize deep learning methods for extracting self-directed
point cloud features. Deep learning methods are a sub-class of ma-
chine learning. Due to their capability of learning abstract features from
the input data, deep learning techniques are able to extract higher level
features independently from the input data without user-defined algo-
rithms (Ayrey et al., 2021; Seely et al., 2023). Convolutional neural
networks (CNN) are a category of deep learning methods. CNNs are one
type of artificial neural networks commonly applied for analyzing
remote sensing data (Kattenborn et al., 2021). 2D-CNNs use two-
dimensional input data, like aerial imagery or canopy height models
(e.g. Schiefer et al., 2020), whereas 3D-CNNs three-dimensional data in
form of point clouds or voxels derived from point clouds. 3D-CNNs have
been used for various tasks in forestry related applications, for example,
tree species recognition (e.g. Briechle et al., 2020) and estimation of
growing stock (Ayrey et al., 2021; Oehmcke et al., 2024).

Although 3D-CNNs have considerable potential in extracting infor-
mation, e.g. for predicting forest characteristics, they also have certain
limitations. ALS-based point clouds typically have an unordered and
unstructured format. While there are some recent examples of 3D-CNNs
accepting point clouds as input (Oehmcke et al., 2024; Wielgosz et al.,
2023), most 3D-CNNs require input data that is regularized to a standard
format. For that reason, point cloud data are converted to, e.g. voxel-
based structure which is an ordered data format, and the reformatted
data is then used as an input for 3D-CNNs (Bello et al., 2020). When
using relatively low-density ALS data, large part of the voxels in the
voxel space will remain empty, depending on the number and size of
voxels per sample unit that is used for training the 3D-CNN model. The
results of our earlier study with lower density point cloud data indicate
that a 3D-CNN can perform better in an area-based estimation of forest
attributes, but the difference between the 3D-CNN and non-deep
learning machine learning method was not significant (Balazs et al.,
2022). Our hypothesis is that when using higher density ALS data, the
difference between 3D-CNN and non-deep learning algorithms might be
more prominent. Denser point cloud data should enable the 3D-CNN to
make better use of its capability in composing features that are benefi-
cial for the estimation task.

The objective of this study was to examine how a three-dimensional
deep neural network performs in predicting total and species-specific
forest attributes compared to the k-NN method utilizing ALS data at 5
pulse/m? nominal pulse density. K-NN is widely used in forest inventory
applications, including the Finnish national forest inventory (Tomppo,
1991) making it a suitable benchmark method. The validation approach
applied in our study allowed us to also assess the generalizability of
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these methods. Specifically, we investigated the accuracy of model
predictions when the predictor and training datasets originated from
different geographic locations having different type of forest structure.
This evaluation procedure is in accordance with the findings of Kat-
tenborn et al. (2022), who observed that CNNs’ performance can be
considerably overestimated by using spatially auto-correlated training
and validation data.

2. Materials
2.1. Study area and reference data

The study material was collected from three different study areas,
resulting in spatially uncorrelated datasets. The Mikkeli study area is
located in Eastern Finland, approximately 61° 41'N — 62° 11' N and 26°
25' E — 27° 27 E. The study area of Ainekoski is situated in Gentral
Finland, approximately 62° 34' N — 63° 02' N and 25° 20'E — 26° 27'E.
In both study areas, the majority of land area is covered by managed
forests mainly in private ownership, and the dominant land use is
forestry for wood production. The third study area is located in Kolari in
Northern Finland, approx. 66° 58' N — 67° 26’ N and 23° 30’ E — 24° 40’
E. Major part of the forests covered by the Kolari study area are owned
by the state of Finland and managed by the state-owned enterprise
Metsahallitus.

Geo-botanically, the study areas in Mikkeli and Adnekoski belong to
the southern boreal bioregion, and Kolari to the northern boreal biore-
gion. Forests in the Mikkeli and Ainekoski study areas mainly grow on
eutrophic to sub-xeric forest site types, and the main tree species in those
areas are Scots pine (Pinus sylvestris), Norway spruce (Picea abies),
Silver birch (Betula pendula) and Downy birch (Betula pubescens). In
the Kolari study area the site fertility classes are generally similar, but
due to less favourable climatic conditions and larger proportion of
peatland soils, the forest growth is low, and the forests are mainly
dominated by pine. The terrain on all three study areas is relatively flat
with highest elevation above sea level not exceeding 400 m. Each study
area covers approx. 300 000 ha.

The map of the study areas is shown in Fig. 1.

Field reference data was collected by the Finnish Forest Centre
(SMK) in 2020. Measurements were carried out on irregularly shaped
and sized test plots between 1000 and 1500 m?, aiming at 120-150 tally
trees/plot. In the Mikkeli area 271 plots (average size: 1200 m?), in the
Adnekoski area 188 plots (average size: 1100 m?) and in the Kolari area
216 plots (average size: 900 m?) were measured.

In the test plots, all trees with a minimum diameter of 50 mm at
breast height (DBH) were measured. Additionally, trees with a DBH of
30—49 mm were measured if their height was more than half of the
average stand height. For all tally trees DBH, tree species and location
within the plot were measured. From each sample plot, every fifth tally
tree was sampled for height measurement. Furthermore, additional trees
were sampled for height measurement for covering all tree species strata
and diameter classes present at the study plot, if necessary. For the rest
of the tally trees the height was predicted using ALS data (if the tree was
detected from ALS point cloud) or using generic tree height models (if
not detected from ALS).

The precise locations of tally trees were measured using a combi-
nation of GNSS and pseudolite-based positioning system by the Finnish
Forest Centre. Pseudolites act as local base stations which are able to
determine their relative locations in a local coordinate system. The lo-
cations of individual trees are determined using digital calipers that
communicate with the pseudolites. The local coordinates are linked to
geographic ETRS-TM35FIN coordinate system by GNSS positioning
using a number of control points measured from the proximity of the
sample plots (Luopa, 2022). Based on the system developer’s specifi-
cations, the position accuracy (RMSE) is 0.13 m with 99.5 % of the trees
having a position error less than 0.30 m (Kostensalo et al., 2023).

In order to generate regular input data for our models, we created
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Fig. 1. Map of the study areas. Laser scanning area is marked by red, magenta and blue outlines; sample plots are indicated by red dots. Background map raster 1:800

000 by the NLS was used as background.

circular sample plots of 9-meter radius within the original test plots. In
the Mikkeli, Adnekoski and Kolari study areas, 1483, 940 and 760 cir-
cular plots were placed, respectively. Based on our previous experience,
these amounts of circular plots were found to be sufficient to cover forest
attributes’ variation in the respective test areas. The circular plots were
placed so that they are completely within the limits of the test plots. On
the other hand, overlap between the circular plots was allowed. Thus, an
individual tally tree often belongs to more than one circular plot, and the
tally trees form various combinations of tree sets in the circular plots.
Overlapping circular plots are a way of data augmentation as deep
learning methods usually require a substantial amount of training data
due to their numerous trainable parameters (Shorten and Khoshgoftaar,
2019). An example of 9 m radius circular plot placements within an SMK
test plot is depicted in Fig. 2.

Forest stand variables used in our study were: volume (V), mean
height (H) and mean diameter (D) of the total growing stock as well as
volume of growing stock of pine (V},), spruce (Vs) and broad-leaved (Vy,).

Properties of forest stand variables in each test area based on the
circular plots are shown in Table 1.

3D-CNN and k-NN models were trained with each study area’s
sample plot set separately. Following the recommendations for training
neural networks (Brownlee, 2017), during training of 3D-CNN models
15 % of the training set was used for validation to avoid overfitting
which is a common issue with neural networks (e.g. Sarle, 1995). The
performance of trained models was evaluated with the two other data-
sets not used in the training process. Evaluation was carried out with
both test sets independently and results reported separately. Validation

sets were not used in the training of k-NN models. Distributions of
sample plot sets in volume classes of total growing stock are shown in
Fig. 3.

According to Brownlee (2019a), different scales between estimands
may add an unwanted complexity to the problem. Mean height and
diameter values were multiplied by 10, to approximately match the
value range of growing stock attributes.

2.2. ALS data

Laser scanning was carried out in June 2020 on all study areas. In
Mikkeli RIEGL VQ-1560i laser scanner was used at 1525 m above
ground with 20 % side overlap and 7.2 pulse/m? pulse density. In
Adnekoski and Kolari RIEGL VQ-780i at a flight altitude of 1280 m was
used with 20 % side overlap and pulse density was 6.4 pulse/m?. The
average point density of the resulting ALS point clouds covering the
sample plots was 13.8 point/m?.

Laser returns were extracted from the ALS data within SMK’s plots.
In the next step returns were clipped by the 9 m radius sample plot
boundaries allocated into the SMK plots. Finally, heights of laser returns
above sea level were normalized using the NLS’s digital terrain model to
obtain heights above ground.

The 3D-CNN used in this study accepts fixed-dimension input data.
To fulfil this requirement laser data covering each sample plot were
transformed to a voxel space. The original CNN architecture used by
Ayrey and Hayes (2018) was edited to be able to experiment with
different voxel sizes. Voxel sizes of 40x40x40, 45x45x45 and 50x50x50
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Fig. 2. Allocation of 9 m circular plots within test plot.

Table 1
Summary statistics of sample plots.

Aanekoski v H D Vp Vs Vb
(m%/ (m) (cm)  (m% m3/ (m3/
ha) ha) ha) ha)

Min 27.1 8.6 9.5 0.0 0.0 0.0

Max 667.7 31.6 43.7 555.7 648.8 359.9

Mean 241.1 20.0 22.9 109.1 101.3 30.7

Standard 129.6 4.5 6.1 108.9 134.5 52.0

deviation

Mikkeli \% H D Vp Vs Vp
m3/ (m) (ecm)  (m%/ (m3/ m3/
ha) ha) ha) ha)

Min 38.3 8.4 9.6 0.0 0.0 0.0

Max 1016.6 32.7 46.6 939.6 828.1 414.3

Mean 266.4 21.4 24.9 96.6 131.1 38.7

Standard 139.3 4.7 6.8 120.5 151.4 68.3

deviation

Kolari \" H D Vo Vs Vi
(m3/ (m) (ecm)  (m%/ (m3/ (m3/
ha) ha) ha) ha)

Min 11.7 5.3 8.0 0.0 0.0 0.0

Max 351.6 21.7 38.0 351.6 270.4 170.3

Mean 114.4 13.9 19.3 85.6 15.0 13.8

Standard 54.3 3.2 5.0 56.3 31.1 20.2

deviation

cm were tested with total growing stock variables. 10 independent
training runs were carried out for each voxel size. The best performing
voxel size was selected based on the mean relative RMSE of the training
runs. The voxel size of 40x40x40 cm was chosen which amounted to
45x45x90 voxels covering a space of 18x18x36 m around the 9 m radius
sample plots in x, y, and z directions, respectively. Each voxel was
assigned the number of laser returns within the voxel. Voxel values were
later converted to binary values, 0 = no return in the voxel, 1 = at least
one return in the voxel, as binary voxel type was performing better in
preliminary tests. Voxels outside the circular sample plots had a value of

0. The voxel data was subsequently split into training, validation, and
test sets, corresponding to the ground truth data division.

3. Methods

Fig. 4 shows the workflow used in our study.

3.1. ALS features

ALS features were extracted from point clouds covering the 9 m
circular sample plots. ALS features included height and intensity metrics
as well as texture features. Texture features were obtained based on
canopy surface models and intensity rasters, which were calculated from
first and single laser returns at 0.5 m resolution.

Common height metrics (e.g. mean, max, skewness, kurtosis) were
calculated using lidR package (Roussel, 2024) in R statistical software (R
Core Team, 2023). In addition, the following features were calculated
(Kirchhoefer et al., 2017; Neesset, 2002; St-Onge et al., 2008; Véga et al.,
2016):

o L-moments (1-4) and L-moment skewness, kurtosis, and coefficient
of variation,

canopy relief ratio,

percentage of canopy points having height greater than or equal to
corresponding percentile of height distribution, at percentiles 20, 40,
60, 80, 95,

average absolute deviation,

quadratic and cubic mean,

gap area,

inner and outer volume,

median of the absolute deviations from the overall median,

rumple index.

Apart from rumple index, inner and outer volume, and gap area,
where only single and first returns were used, metrics were calculated
using first and last returns.
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Fig. 3. Distributions of sample plots according to volume of total growing stock for each study area; color codes indicate dominating tree species of sample plots; the
minimum share for a species to be dominating was 60% of the total volume, if none of the species reached 60%, the plot was mixed.

Texture features were calculated from grey-level co-occurrence
matrices, derived from first and single returns using radiomics package
(Hall-Beyer, 2017) in R statistical software.

We found that there is a high variation in the scale of intensity values
between the test areas’ ALS data. Due to this issue features based on
intensity were excluded from the process except for those representing
relative quantities and texture features based on rasterized intensity
values. After removing problematic intensity features the total number
of features amounted to 186.

k-nearest neighbors.

We compared the performance of the 3D-CNN to the k-NN method.
Forest stand variables were estimated by weighted averages of the
variables of k nearest neighbors. Nearest neighbors were chosen based
on Euclidean distances between sample plots within an m-dimensional
feature space, with m indicating the number of remote sensing features

used for estimation. Weighing was carried out inversely proportional to
the distances of the nearest neighbors as shown in Eq. (1) and Eq. (2) in
order to reduce bias (Altman, 1992).

k
Y= wyi ¢h)
i=1

k = number of nearest neighbors,
yji = field observation of variable j of the ih nearest neighbor,
¥j = estimate for variable j,
weight of the i" nearest neighbor (Eq. (1):

1 /&1
Wi_E/ZE (2
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Fig. 4. Workflow.

g = distance weighting parameter.

d; = Euclidean distance of the i nearest neighbor,

Multiple values for both parameters k and g were tested, finally 4 and
3.0 were selected for k and g, respectively.

We used a genetic algorithm, that is available as the R statistical
software package, genalg (Willighagen and Ballings, 2015). Initially, the
algorithm randomly selected 100 feature combinations. During 30 it-
erations the feature combinations changed, working towards an opti-
mum, which was defined by the sum of absolute values of biases and
RMSEs of k-NN estimates (Eq. (3), Eq. (4) and Eq. (5). The feature
combination that had the smallest evaluation value (EV) was selected.
The number of initial feature combinations and iterations were chosen
empirically.

J
EV = E (RMSE; + |bias;|) 3)
j=1

no, 2
; (}’ﬁ _yji> @

RMSE; =
n;

i (?ﬁ - J’ﬁ)

n

bias; = 5)
RMSE; = RMSE of variable j,

bias; = bias of variable j,

yji = field observation of variable j and sample plot i,

n, = number of sample plots in the training set,

¥ji = estimate for variable j and sample plot i.

3D Convolutional Neural Network.

In this study we have used a 3D-CNN, that is loosely based on the
Inception V3 network (Szegedy et al., 2016) by Google, and was

developed by Ayrey and Hayes (2018). In a 3D-CNN three-dimensional
convolutional kernels are scanning through the voxel space and trying to
extract relevant information. Five initial convolutional layers are fol-
lowed by eleven inception layers which are groups of various convolu-
tional layers. Pooling and batch normalization layers are used between
convolutional layers to reduce dimensionality and facilitate faster and
stable training (Ioffe and Szegedy, 2015). The architecture of the CNN
was described in detail by Balazs et al. (2022) and was slightly modified
in order to be able to use voxels of various sizes.

The final output section of the CNN was modified to be able to es-
timate volumes of tree species that add up to the total volume. Tree
species’ volume estimates were calculated by passing the species’ esti-
mates through a Softmax activation function (Eq. (6) (Wikipedia con-
tributors, 2024) obtaining ratios adding up to 1 (Bolyn et al., 2022). The
estimate of total volume was then multiplied by the output of the Soft-
max function resulting in the absolute values of species’ volumes.

ek .
Softmax(z); = —g——fori=1,..., Nandz = (2, ....zy) € RY (6)
Zj:l €
e = exponential function
N = number of elements in vector z.
Softmax(z); = the it" element of input vector z after Softmax

activation

Data was fed into the CNN in small batches with an initial batch size
of 16, which was doubled through automatic augmentation before being
input into the network. The augmentation was carried out by randomly
rotating the voxel spaces by 90/180/270 degrees around the z axis. This
additional augmentation step significantly improved the performance of
the 3D-CNN. Learning rate defines how much the neural network
changes between iterations. The learning rate was assigned a value of
0.0001, and the number of training iterations 20 000. Mean squared
error (MSE) (Eq. (7) was used as loss function, which is recommended to
be used with regression problems (Brownlee, 2019b). To avoid
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overfitting, a common disadvantage of neural networks (Bejani and
Ghatee, 2021), the model that produced the lowest sum of absolute root-
mean-square errors (RMSE) (Eq. (4) on the validation dataset was saved
to disk.

i <yﬁ - -yji> ’

MSE; =
n,

)

¥ji = estimate for variable j and sample plot i,

yji = field observation of variable j and sample plot i,

n, = number of sample plots in the validation set.

The 3D-CNN was trained using NVIDIA Volta V100 GPUs with 32 GB
GPU memory and each training run took approximately 4 h.

3.2. Validation

Both methods investigated in our study have a high amount of
randomly initiated parameters. To account for the randomness each
model training was carried out independently ten times. The model
performance was assessed based on the two datasets not involved in the
training process and results were reported separately for each set,
resulting in 6 different training/validation combinations. Selected per-
formance indicators were absolute and relative RMSE (Eq. (8) and bias
(Eq. (9). As we were interested in the magnitude of bias, the absolute
values of bias results were used. The mean of performance indicators
over 10 runs was finally reported.

E
RMSE% = 100~RM?S ®

bias% — 100v|b;%”| ©

y = mean of ground observations of all circular plots of all study areas.

We also verified if the differences between the tested methods were
statistically significant. To accomplish this, we carried out a t-test or
Mann-Whitney U test based on RMSE and bias values of the 10 runs and
for each validation dataset and response variable combination. If the
tested values were not normally distributed according to the Shapiro-
Wilk test, Mann-Whitney U test was used. If the RMSE/bias values of
the methods were normally distributed and their variances were ho-
mogenous based on Levene’s test, Student’s t-test was applied, in case of
inhomogeneous variances Welch’s t-test was used. Conclusions were
drawn based on tests’ p-values with a threshold of 0.05.

Our study involved a high number of combinations of various fac-
tors: two tested methods, three training datasets, two validation sets for
each training set, and six forest variables. To be able to demonstrate the
impact of these factors, relative RMSE and bias scores of all training runs
and tested methods were input into a regression model. Response vari-
ables were relative RMSE/bias, explanatory variables were method,
forest variable, training and test dataset.

4. Results

Results of regression models for relative bias and RMSE are displayed
in Table 2 and Table 3. Results of the RMSE regression indicate, that
each term has a statistically significant impact on the prediction accu-
racy. According to Table 2, k-NN performs worse than CNN if we take all
forest attributes, all training/validation dataset combinations, and re-
sults of all 10 training runs into account. Predictions of mean height are
more accurate than mean diameter, but performance in terms of volume
predictions, especially volumes of tree species are worse than mean
diameter. Predictions are most accurate when models are trained by the
Adnekoski dataset, and the best performing validation set is Kolari.

Results of the bias-regression indicate that on average k-NN pro-
duced less biased predictions. Unsurprisingly, volumes of tree species
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Table 2

Regression analysis results of relative RMSE scores; the constant term includes
the followings: method: 3D-CNN, forest variable: D, training set: Aénekoski, and
validation set: Kolari.

Term Coefficient  Standard Error  T- P-

value value
Constant -16.9 2.9 -5.9 0.000
method: k-NN 9.2 1.7 5.3 0.000
forest variable: H -5.8 3.0 -2.0 0.050
forest variable: V 13.7 3.0 4.6 0.000
forest variable: Vg 67.2 3.0 22.5 0.000
forest variable: Vy, 118.4 3.0 39.7 0.000
forest variable: V,, 67.9 3.0 22.8 0.000
training set: Mikkeli 7.1 2.4 2.9 0.004
training set: Kolari 42.2 2.4 17.4 0.000
validation set: Mikkeli 27.5 2.4 11.3 0.000
validation set: Aanekoski 7.5 2.4 3.1 0.002

Table 3

Regression analysis results of relative bias scores; the constant term is as in the
RMSE regression.

Term Coefficient  Standard Error  T- P-
value value
Constant 2.4 1.7 1.4 0.157
method: k-NN —-4.9 1.0 —4.7 0.000
forest variable: H 0.8 1.8 0.5 0.638
forest variable: V 3.6 1.8 2.0 0.044
forest variable: Vg 29.6 1.8 16.7 0.000
forest variable: Vy, 16.2 1.8 9.1 0.000
forest variable: V,, 23.3 1.8 13.1 0.000
training set: Mikkeli 6.5 1.5 4.5 0.000
training set: Kolari 26.1 1.5 18.0 0.000
validation set: Mikkeli -5.4 1.5 -3.7 0.000
validation set: Aanekoski ~ —12.1 1.5 -8.3 0.000

are significantly more biased than mean diameter. Equally, estimates
produced by Kolari trained models or models validated with the Kolari
dataset are markedly more biased than the base level of factors.

RMSE and bias results of all training and validation set combinations
and target variables along with the results of significance tests can be
found in Appendix A. Fig. 5 shows the performance metrics of models
trained with the Mikkeli dataset. Fig. 5 (a) demonstrates well that the
3D-CNN performed better than k-NN in terms of absolute RMSE of total
growing stock variables. The same applies to all combinations of
training and validation datasets (Table Al). Except for one case, the
differences of absolute RMSE scores between the methods were statis-
tically significant. The results of corresponding statistical tests are re-
ported in Table A3. While differences in RMSE for mean height and
diameter were negligible, in most cases CNN produced significantly
better results predicting total growing stock volumes. The differences
between RMSE scores were, for example 11.7 m3/ha, 13.6 m®/ha, and
24.5 m%/ha when models were Mikkeli-trained and Ainekoski-vali-
dated, Adnekoski-trained and Mikkeli-validated, and Kolari-trained and
Adnekoski-validated, respectively. For mean values of forest variables
refer to Table 4.

According to the bias results shown in Fig. 5 (b) we can see that k-NN
produced less biased results than the 3D-CNN for volume of total
growing stock when models were validated with the Aénekoski dataset.
In all other cases the neural network produced the same or slightly better
bias results than k-NN. However, upon examining the summary of re-
sults in Table A5 and the corresponding significance values in Table A7,
it becomes evident that approximately half of the differences of bias
results were statistically insignificant. Out of the statistically significant
cases k-NN performed better than 3D-CNN in only one case. Overall,
volume predictions’ biases for validation datasets from the same
bioregion as the training set were considerably lower (2.3-7.2 m>/ha)
compared to validation data from a different bioregion (12.2-48.8 m®/
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Fig. 5. Mean absolute RMSE (a) and bias (b) results of total growing stock predictions of models trained with the Mikkeli dataset.

Table 4
Mean values of forest attributes for each test area.
V (m3/ H D Vpm®  Vim® vy (m¥
ha) (m) (cm) ha) ha) ha)
Mikkeli® 266.4 21.4 249 96.6 131.1 38.7
Asnekoski'  241.1 20.0 229 109.1 101.3 30.7
Kolari? 114.4 13.9 19.3 85.6 15.0 13.8

1 Southern Boreal Region
2 Northern Boreal Region

ha). Biases of mean height and diameter predictions were less affected
by the geographic location of training and validation datasets, except for
models trained by the Kolari dataset where biases of height predictions
varied between 1.7 and 3.5 m.

The example in Fig. 6 shows RMSE and bias results regarding tree
species-specific volume predictions of models trained by the Adnekoski
dataset. RMSE scores of CNN models were lower than k-NN scores by
33.8,22.8,and 23.7 m3/ha for volume of pine, spruce and broad-leaved,
respectively. In general, our CNN model performed significantly better
in terms of RMSE when training and validation sets were from the same
bioregion (Table A2 and Table A4). Differences in bias show no clear
pattern, but apart from the Mikkeli/Adnekoski training/validation
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Fig. 6. Mean absolute RMSE (a) and bias (b) results of tree species’ growing stock predictions of models trained with the Aznekoski dataset.

combination and volume of pine, the differences between methods
within the same bioregion were statistically insignificant (Table A6 and
Table A8). When training and validation datasets were from different
bioregions (Kolari dataset used for validation or training), k-NN models
produced markedly and statistically significantly less biased predictions
in most of the cases.

In addition to RMSE and bias scores, we also compared the distri-
bution of predicted forest variables to the ground truth data. For this
purpose, predictions of the best training run were selected for both
tested methods based on the lowest mean of absolute RMSE value of all
forest variables. Below we are showing some examples how distributions
of predictions relate to field observations.

Fig. 7 demonstrates how well CNN predictions follow the distribu-
tion of observed values, whereas k-NN is underestimating mean height
and volume of growing stock. Training and validation datasets are
located in the same bioregion.

Models trained with Adnekoski and validated with the Kolari dataset
indicate that k-NN is overestimating total growing stock variables, while
CNN predictions’ distribution remains close to the ground observations
(Fig. 8).

Fig. 9 shows the effect of the training data set’s bioregion on the
volume predictions of pine. In case of both datasets being from the same
bioregion (in orange), predictions’ distributions are closer to the dis-
tributions of field observations.
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Fig. 7. Distributions of observed and predicted mean heights (a) and volumes
of the total growing stock (b). Training and validation datasets are situated in
the same bioregion. Boxes span from quartile 1 to 3, and the median is marked
with a line inside the box; lower and upper fences indicate the minimum and
maximum values, respectively.

The impact of bioregions is even more obvious for tree species-
specific variables, such as volume of pine shown in Fig. 10.

5. Discussion

In our study, we aimed to compare a 3-D convolutional neural
network to the k-NN method in predicting forest stand variables using
training and validation datasets from three different study areas in two
different bioregions.

In terms of RMSE, the CNN consistently outperformed k-NN in pre-
dicting forest attributes such as mean diameter, height, and total vol-
ume, which can be easily derived from ALS data. In almost all cases,
where differences were statistically significant, the CNN also produced
smaller bias than k-NN. However, for tree species-specific volumes,
where the relationship to the point cloud structure is more complex, the
results were inconclusive. While the CNN provided better prediction
accuracy for species-specific volumes in slightly more than half of the
cases, it also tended to produce higher bias compared to k-NN.

When using training and validation data from the same bioregion,
CNN predictions were more accurate in terms of RMSE for all forest
stand variables. Differences between the tested methods were without
exception statistically significant. Concerning bias, differences were
either statistically insignificant or the CNN produced less bias with one

10

Fig. 8. Distributions of observed and predicted mean heights (a) and volumes
of the total growing stock (b). Training and validation datasets are situated in
different bioregions.

exception.

When using training and validation data from different bioregions,
the results were somewhat ambiguous. When predicting variables of
northern boreal forest based on southern boreal training data, the RMSE
of diameter and height did not change markedly. RMSEs of volume
predictions decreased, apparently due to the lower target volumes in the
Kolari study site. Predictions of forest stand variables of total growing
stock produced by the CNN were more accurate compared to k-NN.
However, for tree species-specific volumes, the prediction accuracy
decreased markedly, and the results do not indicate any superiority of
CNN based predictions. The cases, where the accuracy ranking of CNN
and k-NN varied inconclusively, were primarily linked to tree species-
specific volumes where training and validation data were from
different bioregions. This indicates that the accuracy advantage of CNN
may disappear when applying the model in areas with significantly
different forests compared to the training data.

For the prediction of forest variables, the least workable arrangement
was using training set from the northern boreal study site (Kolari) and
validation data from the southern boreal region. Compared to other
cases, this setup resulted in highest RMSEs and bias for all predicted
forest variables. This is mainly because the variation of forest variables
in the northern boreal site covers only part of the variation present in
southern boreal areas, and the densely stocked or otherwise highly
productive forests are missing from the training data. Thus k-NN is
lacking suitable reference data, and the CNN model fails to adapt to
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Fig. 9. Distributions of observed and predicted volumes of pine with Mikkeli (a) and Aznekoski (b) validation set.

significantly different validation data compared to the training dataset.

Our results indicate that the 3D neural network used in this study is
performing significantly better than the benchmark k-NN method when
it comes to generalizability of models predicting total growing stock
variables. K-NN is restricted by the distribution of potential neighbors in
the training data, while the CNN appears to be able to model the actual
physical relationships between the laser scanning data and the measured
variables. This applies to variables having clear physical dimensions.

Regarding tree species-specific variables, laser scanning data at 5
pulses/m? density does not provide physical information, which would
help to accurately differentiate between tree species. As a result, k-NN’s
data-driven approach in some cases performed better than the CNN.
However, RMSE values in Table A2 suggest, that CNN was consistently
more accurate than k-NN, when both the training and validation data
were from the same bioregion (Mikkeli/Aanekoski). This shows that the
CNN is able to find useful patterns in the ALS data, which allow more
accurate estimates than the manually extracted features used by k-NN.
Table A2 also indicates, that these patterns don’t seem to work as
consistently when the training and validation datasets are significantly
different (Kolari/Aanekoski or Kolari/Mikkeli). In these cases, the k-NN
method mostly performed better than the neural network. The reason
for this includes an element of randomness and may be specific to the
particular data we used.

Ayrey et al. (2021) compared the same 3D-CNN to random forest
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(RF) models using ALS and satellite data to predict various forest stand
variables. They found that while the CNN outperformed RF in predicting
12 out of the 14 target variables, RF was proven to be superior in esti-
mating tree species proportions. The authors speculated that the reason
for this was RF’s ability to make better use of the spectral information
than the CNN. It was also found that CNN did not outperform RF
regarding bias, which is in accordance with our overall findings.
Oehmcke et al. (2024) reported that their MSENet50 neural network
outperformed a benchmark power regression model in predicting above
ground biomass and volume of total growing stock in terms of RMSE and
bias.

In our previous study (Balazs et al., 2022) utilizing sparse (0.5 pulse/
m?) ALS data, we found that the CNN improved prediction accuracy of
for example total growing stock volume by a narrow margin of 1.3 %
RMSE. In our current research, the CNN outperformed k-NN by 4.8 %
and 5.2 % in terms of RMSE of total growing stock volume when training
and validation datasets were from the same bioregion. This leads us to
believe, that increasing pulse density of ALS data could improve the
CNN'’s performance and make it a viable alternative to k-NN.

Point cloud voxelization might lead to loss of information. However,
neural networks are also capable of handling point clouds in their
original form, without the need for voxelization (e.g. Ochmcke et al.,
2024). This method could further improve forest attribute estimates
utilizing ALS data and CNNs.
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Fig. 10. Distributions of observed and predicted volumes of pine with training
and validation sets in the same (a) and in different bioregions (b).

Furthermore, due to the sampling design of the ground truth data
used in this study, it was not possible to create validated wall-to-wall
forest attribute maps. In future studies it would be desirable to utilize
suitable field data and carry out a similar comparison of such maps.

6. Conclusions
CNN generally performed markedly better than k-NN in predicting

forest attributes, when training and validation datasets were from the
same bioregion.

Appendix A

Model performances and corresponding significance test results.
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Using southern boreal training data for northern boreal study site
(with sparsely stocked forest of low productivity) also achieved
acceptable prediction accuracy with both CNN and k-NN. In contrast,
applying northern boreal training data for southern boreal study sites
resulted in low prediction accuracy and high amount of bias in the
predictions with both methods.

When predicting forest variables that are directly connected to the
dimension and volume of growing stock, CNN based predictions are
more accurate and less biased than predictions based on k-NN. The same
applies when predicting tree species-specific volumes within the same
bioregion as the training data. On the other hand, k-NN often results in
better accuracy and less bias of tree species-specific predictions, when
training and validation data are from different bioregions.

Due to our model validation approach, we were also able to show
that the 3D-CNN applied in our study is generalizable at least within the
same bioregion and prediction accuracies outside the training dataset
are at an acceptable level.

As a next step we are considering the integration of high-resolution
aerial images into the training and prediction process of the 3D-CNN,
which could help improve tree species-specific volume estimates.
Aerial imagery containing information at least in the spectrum of green,
red and near-infrared light is useful in differentiating between tree
species. The higher the spectral resolution, the better results can be
achieved (Briechle et al., 2020).
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Table Al
Mean RMSE results of total growing stock predictions (lower values with bold font).
V (m*/ha) H (m) D (cm) V (m*/ha) H (m) D (cm)
training set Mikkeli validation set Aanekoski validation set Kolari
3D-CNN 39.7 0.7 2.4 28.5 1.3 2.7
k-NN 51.4 1.1 3.4 39.7 1.6 4.0

training set Aanekoski validation set Mikkeli

validation set Kolari

(continued on next page)
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V (m®/ha) H (m) D (cm) V (m>/ha) H (m) D (cm)
3D-CNN 54.2 0.9 3.0 33.'5)5_i 1.0 3.2
k-NN 67.8 1.3 3.8 34.9% 1.3 4.5
training set Kolari validation set Ainekoski validation set Mikkeli
3D-CNN 87.6 2.4 3.2 106.8 3.0 3.9
) k-NN 112.1 3.7 4.4 131.0 4.6 5.1
* statistically insignificant results (p > 0.05).
Table A2
Mean RMSE results of tree species’ growing stock predictions (ms/ha).
Vp \'A Vp Vp Vs Vi
training set Mikkeli validation set Adnekoski validation set Kolari
3D-CNN 55.6 45.7 29.3 68.3 54.3 18.5
k-NN 71.2 60.0 44.1 62.7 33.6 26.6
training set Aanekoski validation set Mikkeli validation set Kolari
3D-CNN 57.9 56.3 34.4 59.0 36.2 15.3
k-NN 91.7 79.1 58.1 52.4 27.5 23.1
training set Kolari validation set Aanekoski validation set Mikkeli )
3D-CNN 108.0 112.8 52.1 133.1 141.2 69.2°
k-NN 99.3 133.3 50.0 121.8 162.0 68.4°
Table A3
P-values of statistical significance tests for absolute RMSE results of total growing stock (p-values > 0.05 with bold font, i.e. difference between methods statistically
insignificant).
v H D \'% H D
training set Mikkeli validation set Adnekoski validation set Kolari
< 0.001™ < 0.001% < 0.001% < 0.001™ < 0.001 < 0.001™
training set Adnekoski validation set Mikkeli validation set Kolari
<0.001° < 0.001™ <0.001° 0.280M <0.001" <0.001"
training set Kolari validation set Aanekoski validation set Mikkeli
<0.001° <0.001° <0.001° <0.001° <0.001° <0.001°
S Student’s t-test.
W Welch’s t-test.
M Mann-Whitney U.
Table A4
P-values of statistical significance tests for absolute RMSE results of tree species’ growing stock.
A Vs Vi Vp Vs Vp
training set Mikkeli validation set Ainekoski validation set Kolari
< 0.001% <0.001° <0.001° 0.035M <0.001° < 0.001"
training set Adnekoski validation set Mikkeli validation set Kolari
< 0.001™ <0.001° <0.001° 0.008" < 0.001" <0.001°
training set Kolari validation set Aanekoski validation set Mikkeli
0.001M <0.001° 0.008% <0.001° <0.001° 0.290"
Table A5
Mean biases of total growing stock predictions (lower values with bold font).
V (m®/ha) H (m) D (cm) V (m>/ha) H (m) D (cm)
training set Mikkeli validation set Aénekoski validation set Kolari A
3D-CNN 5.051_ 0.2 0.5 12.25% 0.9% 0.8
k-NN 2.3% 0.3 1.1 12.2% 0.9% 2.2
training set Aanekoski validation set Mikkeli ‘ ) validation set Kolari ‘
3D-CNN 4.1 0.3% 0.75_1 23.4 0.5% 2.0
k-NN 7.2 0.3% 0.9% 14.8 0.3% 3.0
training set Kolari validation set Aanekoski ) validation set Mikkeli i
3D-CNN 28.5 1.7 O.GS‘1 36.1 2.3 0‘75'_
k-NN 35.9 2.4 0.7% 48.8 3.5 0.6"

si statistically insignificant results (p > 0.05).
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Table A6
Mean biases of tree species’ growing stock predictions (m®/ha).

A Vs
training set Mikkeli validation set Aanekoski
3D-CNN 9.4 13.5°
k-NN 3.2 12.7%
training set Aanekoski validation set Mikkeli
3D-CNN 9.1¢ 8.6%
k-NN 6.2% 12.2¢
training set Kolari validation set Adnekoski
3D-CNN 37.7 48.3
k-NN 22.7 58.8

Vb Vp Vs Vi
validation set Kolari

5,250 51.1 42.6 3.7

7.6 33.3 16.4 4.6
validation set Kolari

2.8% 43.2 20.4 2.6

1.5% 24.8 6.1 3.9
validation set Mikkeli

17.9 58.3 73.1% 21.2

2.9 33.4 80.9% 3.3

Table A7
P-values of statistical significance tests for absolute bias results of total growing stock (p-values > 0.05 with bold font, i.e. difference between methods statistically
insignificant).
\% H D \% H D
training set Mikkeli validation set Ainekoski validation set Kolari
0.064% 0.010% 0.001W 0.977% 0.307M < 0.001
training set Aanekoski validation set Mikkeli validation set Kolari
0.030% 0.197% 0.157" < 0.001M 0.082" < 0.001"
training set Kolari validation set Adnekoski validation set Mikkeli
0.011% <0.001° 0.325M 0.0025 <0.001° 0.491%
Table A8
P-values of statistical significance tests for absolute bias results of tree species’ growing stock.
Vp Vs Vp Vs Vb
training set Mikkeli validation set Aanekoski validation set Kolari
0.0225 0.740" 0.127V < 0.001% <0.001° 0.423%
training set Adnekoski validation set Mikkeli validation set Kolari
0.473M 0.169" 0.108" <0.001° < 0.001" 0.035%
training set Kolari validation set Aznekoski validation set Mikkeli
0.003% 0.013% < 0.001% <0.001° 0.110° < 0.001"

Data availability

Data and code will be made available on GitHub when the paper is
accepted.
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