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 A B S T R A C T

Laser scanning has proven to be an invaluable tool in assessing the decomposition of forest environments. 
Mobile laser scanning (MLS) has shown to be highly promising for extremely accurate, tree level inventory. 
In this study, we present NormalView, a projection-based deep learning method for classifying tree species 
from point cloud data. NormalView embeds local geometric information into two-dimensional projections, 
in the form of normal vector estimates, and uses the projections as inputs to an image classification 
network, YOLOv11. In addition, we inspected the effect of multispectral radiometric intensity information 
on classification performance. We trained and tested our model on high-density MLS data (7 species, ∼
6000 pts/m2), as well as high-density airborne laser scanning (ALS) data (9 species, >1000 pts/m2). On the 
MLS data, NormalView achieves an overall accuracy (macro-average accuracy) of 95.5% (94.8%), and 91.8% 
(79.1%) on the ALS data. We found that having intensity information from multiple scanners provides benefits 
in tree species classification, and the best model on the multispectral ALS dataset was a model using intensity 
information from all three channels of the multispectral ALS. This study demonstrates that projection-based 
methods, when enhanced with geometric information and coupled with state-of-the-art image classification 
backbones, can achieve exceptional results. Crucially, these methods rely only on geometric information, and 
thus are compatible with most sensors. Additionally, we publicly release the MLS dataset used in the study, 
containing 1915 samples.
1. Introduction

Tree species classification is a key tool in understanding forest 
and urban ecosystems. Understanding the composition of species helps 
monitor biodiversity, manage forest risks, and to understand the ecolog-
ical richness of forest environments (Chirici et al., 2012; Gamfeldt et al., 
2013; Huuskonen et al., 2021). Accurate species classification also has 
economic impact (Haara et al., 2019). In boreal forests, it is found 
that aspen (Populus tremula) holds an important role as a keystone 
species (Kivinen et al., 2020; Kouki et al., 2004), serving as a bio-
diversity hotspot hosting hundreds of species, including woodpeckers 
and flying squirrels (Angelstam and Mikusiński, 1994; Tikkanen et al., 
2006; Remm et al., 2017). In recent years, automated forest inventory 
has started to replace more traditional methods in forest inventory. 
Recently, we have seen deep learning-based methods for semantic 
segmentation of forests (see e.g. Wielgosz et al. (2024), Henrich et al. 
(2024), Ruoppa et al. (2025), Xiang et al. (2025)). In combination, 
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these segmentation methods and species classification methods can 
provide us with forest information almost completely automated.

Mobile laser scanning (MLS) and airborne laser scanning (ALS) have 
proven to be invaluable tools in forestry. The applications of MLS 
include estimation of stem curves (Bauwens et al., 2016; Hyyppä et al., 
2020; Gollob et al., 2020), extracting branch information (Winberg 
et al., 2023), and collecting forest inventories (Liang et al., 2014; 
Mokroš et al., 2021). ALS data has been used for individual tree 
detection and their characteristics’ assessment (Hyyppä and Inkinen, 
1999; Windrim and Bryson, 2020; Jarahizadeh and Salehi, 2026), 
change detection (Hyyppä et al., 2003; Yu et al., 2004; Ma et al., 2018; 
Arumäe et al., 2020; Kozniewski et al., 2022; Sun et al., 2022), biomass 
estimations (Dalponte et al., 2018; Zhao et al., 2018) and semantic 
segmentation of forests (Xiang et al., 2024; Ruoppa et al., 2025). Both 
data types have been used for the classification of tree species (Puliti 
et al., 2025b; Taher et al., 2026). Accurate tree species classification 
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from dense point clouds — such as MLS or close-range ALS data — 
enables collection of reference data efficiently for large-area forest 
inventories. The combination of highly accurate stem curves, efficient 
collection, and tree species classification is required, as the stem curve 
and taper models are highly dependent on the species (Salekin et al., 
2021; McTague and Weiskittel, 2021) and are changing over time due 
to, e.g. climate change (Schneider et al., 2018), and the tree stems are 
not visible from ALS used for large-area laser scanning, and therefore 
estimating the stem attribute from other attributes (mostly canopy) is 
required.

To classify trees from point cloud data, various methods have been 
presented previously. The methods utilising artificial intelligence can 
be roughly divided into three categories: machine learning based-
methods, projection-based deep learning methods, and point-based 3D 
deep learning methods. Machine learning (ML) methods derive hand-
crafted features from tree point clouds, such as tree height, crown 
area, height percentiles, and intensity and reflectance statistics. For 
an extensive review of various features used in tree species classifi-
cation, see Koenig and Höfle (2016). Common ML classifiers include 
random forests (Breiman, 2001), support vector machines (Cortes and 
Vapnik, 1995), and linear discriminant analysis (Izenman, 2013). These 
algorithms have been successfully applied in several tree species clas-
sification studies, for example by Hakula et al. (2023), Dalponte et al. 
(2012), Ørka et al. (2012), Tockner et al. (2025), Yu et al. (2017) for 
random forests, by Dalponte et al. (2012), Ørka et al. (2012) for support 
vector machines, and by Ørka et al. (2012), Hardenbol et al. (2021) for 
linear discriminant analysis.

The recent rapid developments in the field of deep learning (DL) 
have made DL methods surpass more traditional ML methods, as seen 
in the benchmarks by Puliti et al. (2025b) and Taher et al. (2026). 
Projection-based methods operate by creating two-dimensional repre-
sentations of tree point clouds, for example by taking orthographic 
projection images from multiple angles and colouring the images black-
and-white (B&W) (Marinelli et al., 2022; Seidel et al., 2021; Blackburn 
et al., 2025; Puliti et al., 2025b; Taher et al., 2026), according to 
depth (Allen et al., 2022), intensity (Blackburn et al., 2025) or ge-
ometric features (Blackburn et al., 2025). The classification task is 
largely studied in the field of image-based artificial intelligence, and 
one benefit of the 2D-models is the performance of state-of-the-art 
image models, such as YOLO (Jocher and Qiu, 2024). In addition to 
methods using point cloud data as input, satellite imagery has also been 
used to classify tree species, for example by Gazzea et al. (2022), Wang 
et al. (2025).

3D-DL models operate directly on the point clouds, taking as input 
subsampled point coordinates and possible additional attributes, such 
as intensity and reflectance values. The pioneers of deep learning in the 
realm of point cloud understanding were PointNet (Qi et al., 2017a) 
and PointNet++ (Qi et al., 2017b). Several studies have shown their 
ability to classify tree species (Liu et al., 2022a,b; Sun et al., 2023; 
Liu et al., 2022c; Taher et al., 2026; Puliti et al., 2025b). Newer 3D-
architectures include PointMLP (Ma et al., 2022), 3D-CNNs (Tran et al., 
2015), DGCNN (Wang et al., 2019) and PointTransformer (Zhao et al., 
2021). All of these architectures have been utilised to classify tree 
species: Liu et al. (2022c,b) used PointMLP, 3D-CNNs were utilised 
by Liu et al. (2021, 2022c), Puliti et al. (2025b), DGCNN by Liu 
et al. (2022c), Puliti et al. (2025b), and PointTransformer in Sun et al. 
(2023), Taher et al. (2026). These studies show the prominence of 3D 
methods in tree species classification.

Recently, two benchmark studies on tree species classification have 
been published, namely one by Puliti et al. (2025b) and another 
by Taher et al. (2026). The former is carried out on the FOR-species20k1
public dataset (Puliti et al., 2025a), and the other on the MS-ALS-
SPECIES2 dataset (Hyyppä et al., 2025, 2026), which is used as a 

1 Available on Zenodo: https://doi.org/10.5281/zenodo.13255198
2 Available on Zenodo: https://doi.org/10.5281/zenodo.17077256
2 
reference dataset in this study. The FOR-species20k dataset contains 
more than 20 000 samples from 33 species, which are gathered by 
different methods (terrestrial laser scanning, MLS, unmanned ALS). 
In their study, Puliti et al. (2025b) found that image-based mod-
els outperformed certain point-based 3D models. In contrast, Taher 
et al. (2026) found that point-based 3D models, especially transformer-
based architectures, outperform image-based models. Hence, it seems 
currently unclear whether the best classification performance can be 
achieved by projection-based methods or 3D-architectures.

Normal vector estimations are regularly used in computer vision 
and point cloud-based applications, for example in segmentation (Yang 
and Lee, 1999), shape modelling (Pauly et al., 2003) and point cloud 
registration (Serafin and Grisetti, 2015). Recently, Ferreira et al. (2024) 
combined normal vectors estimated from ALS data with satellite images 
to classify tree species, while Sha et al. (2026) used normal vectors as 
a part of a point-based architecture for tree species classification from 
point cloud obtained from varying sources. Both observed improve-
ments in classification performance, with Ferreira et al. (2024) arguing 
that normal vectors capture species-specific leaf and crown geometries. 
This makes sense also from a biological viewpoint: local geometry may 
reflect species-dependent features, such as branching directions and the 
aforementioned crown geometry. In their study, Sha et al. (2026) found 
that in their architecture normal vectors yielded the most significant 
initial performance boost, and commenting that surface orientation is a 
key feature in local geometric awareness. Thus, we chose to investigate 
whether normal vectors provide discriminative information in the form 
of 2D-representations. Normal vectors were chosen as the descriptors 
of local geometry, as they capture local geometric information, while 
being relatively simple to compute, and descend naturally to RGB 
images, as explained in Section 2.4.1.

To address these gaps, this study investigates the potential of 
projection-based deep learning methods for tree species classifica-
tion from point cloud data. We evaluate the suitability of integrating 
geometric information into projection images through surface nor-
mal vector estimation and assess how effectively this geometric cue 
alone can support species classification compared to radiometry-based 
approaches. Furthermore, we examine the influence of multispectral in-
tensity information from multiple scanners and test model performance 
across both mobile and airborne laser scanning datasets.

The original contributions of this study are the following.

• We present NormalView, a projection-based deep learning method
for classifying tree species from point cloud data. NormalView 
embeds local geometric information into two-dimensional pro-
jections, in the form of normal vector estimates, and uses the 
projections as inputs to an image classification network.

• We extensively inspect the effect of radiometric information on 
tree species classification via projection-based methods. We com-
pare images coloured by intensity to projections done without 
intensity information, as well as examine the effect of multispec-
tral intensity information compared to single channel intensity 
information.

• We inspect the aptitude of our model on (∼6000 pts∕m2) MLS data, 
as well as high-density ALS data (>1000 pts∕m2). We compare the 
performance of our projection-based models on the ALS data with 
the results of state-of-the-art point-based 3D models (Taher et al., 
2026), which are trained on the same ALS data.

• We release a high-density, close-range, and geometrically highly 
accurate eight species dataset of MLS tree segments containing 
1915 samples (Korkeala et al., 2026). The data is available at 10.
5281/zenodo.21039101.

https://doi.org/10.5281/zenodo.13255198
https://doi.org/10.5281/zenodo.17077256
https://doi.org/10.5281/zenodo.21039101
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https://doi.org/10.5281/zenodo.21039101
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Fig. 1. Visualisation of the test site in Espoonlahti. (a): Location of the test site. (b): Orthophoto showing Espoonlahti. The tree segments, as well as the coverage 
of the different scanning methods, are visible. (c): A zoomed-in view of the orthophoto in (b), showing the tree segments in more detail.
Source: Figure adapted from Taher et al. (2026).
2. Materials and methods

2.1. Test site

The test site is located in Southern Finland, in Espoonlahti, Espoo 
(60.148◦ N, 24.657◦ E) and is shown in Fig.  1. The area contains a 
wide variety of trees in urban, semi-urban, and natural environments. 
The urban areas contain some planted trees, such as lindens, oaks, and 
maples. The sites with more naturally occurring trees consist mainly 
of pines, spruces, birches, and some aspens. The MLS data used in this 
study contains eight species: pine (Pinus Sylvestris), spruce (Picea sp.), 
birch (Betula sp.), maple (Acer platanoides), aspen (Populus tremula), 
rowan (Sorbus sp.), alder (Alnus sp.) and lime (Tilia sp.). Alder was 
not used in the MLS models, as there were too few labelled samples. 
The ALS data contains nine species: oak (Quercus robur) and the eight 
aforementioned species.

2.2. Measurements

The MLS data was collected using a FARO Orbis laser scanner 
(FARO Technologies Inc., Lake Mary, Florida, USA). The Faro Orbis 
is equipped with a Hesai XT32 lidar (Hesai Technology Co., Ltd., 
Shanghai, China). The measurements were conducted on the 3rd and 
11th of June 2024. 19 measurements were made in total, with a single 
measurement lasting 7–20 min. The MLS coverage can be seen in Fig. 
1. The laser scanner was mounted on a backpack. The key scanner 
properties are presented in Table  1.

The ALS data was gathered in the summer of 2023 by a helicopter 
equipped with three Riegl (Riegl GmbH, Horn, Austria) laser scanners: 
3 
VUX-1HA, miniVUX-1DL, and VQ-840-G. The different scanners oper-
ate on different wavelengths, see Table  1. The flight altitude of the 
helicopter was approximately 100m. Further information on ALS data 
collection is available in Taher et al. (2026), Hyyppä et al. (2025).

The field reference was collected using a browser-based solution 
by the employees of the Finnish Geospatial Research Institute (FGI) in 
2024 and 2025. The browser-based application allowed for users to see 
the segmented trees, overlaid on an orthophoto of the area. With the 
application, the users could identify the species of the tree on the field, 
as well as add notes. The application was also used to verify and correct 
initial labels. The species of some planted trees were identified from the 
database of City of Espoo (2024).

2.3. Data preprocessing

The preprocessing of the ALS data was conducted on RiProcess 
(Riegl) and TerraScan (Terrasolid Ltd., Helsinki, Finland) software. 
Importantly, the data used in this study contains intensity information 
from each of the three channels for each point. This was achieved by 
using nearest-neighbour interpolation to fill in missing intensity values. 
Reflectance was used as the ‘‘source’’ for the intensity in RiProcess, 
i.e. the intensity values were distance-adjusted. The trees were seg-
mented using a watershed segmentation-based algorithm introduced 
first in Yu et al. (2010) and tested in Kaartinen et al. (2012), and 
called Local Maxima Finding (FGI_LOCM). In addition, noise points 
were removed using a statistical outlier filter (Rusu et al., 2008) and 
ground points identified with a cloth simulation filter (Zhang et al., 
2016). For further information on data processing and reference data 
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Table 1
Scanner properties.
 ALS MLS  
 Property VUX-1HA miniVUX-1DL VQ-840-G Hesai XT32 
 Divergence V × H (mrad) 0.5 0.5 × 1.6 1 0.7 × 1.7  
 Pulse Repetition Rate (KHz) 1017 100 200 20  
 Range (m at N% reflectivity) 85 (10%) 140 (20%) 150 (20%) 80 (10%)  
 Wavelength (nm) 1550 905 532 905  
 Beam diameter at grounda (mm) 50 50 × 160 100 7 × 17  
a At a 100m (ALS) and 10m (MLS) range from scanners.
Table 2
Species distribution and model training splits for the different data acquisition methods.
 Data type
 ALS MLS

 Species Train Test Total Train Test Total 
 Majority species
 Pine (Pinus Sylvestris) 1864 465 2329 639 116 755  
 Spruce (Picea sp.) 537 134 671 248 62 310  
 Birch (Betula sp.) 1224 307 1531 309 65 374  
 Maple (Acer platanoides) 540 136 676 188 46 234  
 Minority species
 Aspen (Populus tremula) 378 94 472 87 21 108  
 Rowan (Sorbus sp.) 163 41 204 48 9 57  
 Oak (Quercus robur) 53 13 66 – – –  
 Lime (Tilia sp.) 126 32 158 52 14 66  
 Alder (Alnus sp.) 104 27 131 – – 11a  
 Total 4989 1249 6238 1582 333 1904 
a Not used in MLS models.
collection, we refer the reader to Taher et al. (2026), Hyyppä et al. 
(2025, 2026).

The raw MLS data from the scanner was first processed by the FARO 
Connect software, which applies Faro’s 3D SLAM algorithm. The point 
clouds were then randomly subsampled to a spatial resolution of 2 cm, 
where the minimum distance between any two points is at least 2 cm. 
Noisy points were removed using a Statistical Outlier Removal -filter 
(SOR filter, Rusu et al. (2008)). The SOR filter evaluates the average 
distances to k neighbours for each point and removes points for which 
the average distance is greater than the average distance of all points 
plus n times the standard deviation of the average distances. We used 
𝑘 = 10 and 𝑛 = 2. Then, a Cloth Simulation Filter (Zhang et al., 
2016) was applied to the point cloud, to identify the ground points. 
The measurement sites contained urban elements, such as buildings, 
cars, and traffic signs, which were manually removed from the point 
clouds. At this stage, the point clouds contained only the trees. The 
preprocessing steps were performed using open source CloudCompare 
software (CloudCompare development team, 2024).

Individual tree segmentation of the MLS trees was done with the 
TreeIso algorithm (Xi and Hopkinson, 2022), which is based on a 
cut-pursuit algorithm for weighted graphs (Landrieu and Obozinski, 
2017). The segments produced by TreeIso were manually checked, and 
unsatisfactory segments were manually corrected using CloudCompare.

To compare the segmented MLS trees with the reference data, they 
need to be transformed from the local coordinates of the scanner 
to the global ETRS-TM35FIN coordinate system. To achieve this, we 
calculated a rigid transformation between the coordinates of each MLS-
scan, 𝑥local, and global ALS coordinates based on anchor points, such 
as traffic signs, that were found in both point clouds. We calculated an 
optimal transformation 𝑥global = 𝑅𝑥local+𝑡, where 𝑅 is a rotation matrix, 
𝑡 a translation vector, and 𝑥global the new transformed coordinates, 
that minimised the squared distance between the ALS and MLS anchor 
points.

After transforming the points to the global coordinates, segmented 
trees were matched with the reference data. We adopted the same 
strategy as in Hakula et al. (2023), and utilised a Hausdorff distance 
based closest neighbour algorithm, as presented in Yu et al. (2006). 
4 
Two points (trees), 𝑎 ∈ 𝐴 and 𝑏 ∈ 𝐵, in different sets (measurement 
data and reference data), 𝐴 and 𝐵, were considered a match if 𝑎 is the 
closest point to 𝑏 in 𝐴, and 𝑏 is the closest point to 𝑎 in 𝐵. In addition, 
the distance between the matched points was required to be less than 
3m for them to be considered a match. The reference data for the MLS 
data is the same as for the ALS data.

In total, we arrive at 1915 MLS segments and 6238 ALS segments. 
The species-wise distributions in the data can be seen in Table  2. The 
four majority species (pine, spruce, birch, and maple) constitute 87.4% 
of the MLS dataset, and 83.5% of the ALS dataset. The difference 
between the data from the different acquisition methods is visualised 
in Fig.  2, where the left tree (MLS) has a much higher point density, 
and especially the trunk and branch structure is clearer. The tree on the 
right (ALS) on the other hand has comparable, or even more refined, 
canopy structure, due to it being scanned from above, as opposed to the 
MLS scans. In the MLS data, there are some trees which were captured 
by multiple different measurements due to overlapping measurement 
paths. As distinct scans are inherently different, and hence contain 
useful unique data, we included all viable scans of such trees in the 
dataset. There are 178 trees which are present in two segments and 
11 trees which are present in three segments. To avoid bias in the 
model testing, we ensured that all such trees belong to the training 
set and that the models were not tested on such trees. For each point 
cloud representing a tree, we evaluated approximate coordinates of 
the tree trunk. The trunk coordinates were evaluated using a heuristic 
algorithm, which bins the points in 𝑥- and 𝑦-directions, and calculates a 
score for each bin based on point density, vertical point spread, vertical 
gaps, and height. The mean coordinates of the bin with the highest 
score are the approximate trunk coordinates.

2.4. Methodology

From each tree point cloud, we created projection images by four 
distinct methods: (1): an orthographic projection with intensity values 
as colours (OPI), (2): an orthographic projection with RGB-colours 
coming from normal vector estimations, denoted as NormalView (NV), 
(3): an orthographic projection with the colour values corresponding 
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Fig. 2. The same pine tree as captured by (a) the backpack mobile scanner, and (b) ALS. The point counts of the segments are 399 239 and 94 586 respectively. 
The MLS point cloud has been coloured by gamma corrected (𝛾 = 1.15) single-channel intensity values (wavelength = 905 nm), which were first mapped to RGB 
colours by a colourmap. The ALS point cloud has been coloured by gamma corrected (𝛾 = 4) intensity values (RGB colour channels: red = 1550 nm, green = 905 nm, 
blue = 532 nm). The colours are purely for visualisation purposes.
to linear distance from the viewing plane (depth), and (4): an ortho-
graphic projection where each pixel is either black or white (WOP), 
which is in essence a silhouette image. Further explanations of the 
colouring schemes are in Section 2.4.1. The models trained on WOP-
images serve as a baseline, to see how well the trees can be classified 
with only projection images, without any radiometric input. The depth 
images are an established method in the field (see e.g. Goyal et al. 
(2021)), and serve as geometry-based baseline. With the projected 
images, we trained a classification model that takes images as input. 
To this end, we used the YOLOv11x-cls3 architecture, as provided by 
Ultralytics (Ultralytics Inc. Frederick, Maryland, USA) (Jocher and Qiu, 
2024).

From the MLS data, we create images according to the four methods 
mentioned above. From the ALS data we create two image datasets: 
one with images from seven species to compare the models trained 
on ALS data more directly with the models trained on MLS data, 
and the other with images from the full dataset with nine species, 

3 https://github.com/ultralytics/ultralytics
5 
to compare our models with the benchmark in Taher et al. (2026). 
Both ALS datasets contain images created by the OPI, NV, and WOP 
methodologies outlined above. We analyse the viability of the image 
creation approaches separately for both the seven and nine species 
datasets. Finally, we combined the MLS and ALS datasets into a single 
combined dataset, and created images according to the OPI, NV, and 
WOP methods mentioned above. The purpose of the combined dataset 
is to analyse the viability of the proposed method on data from varying 
acquisition sources.

2.4.1. Image creation
For all colouring schemes, the orthographic projection images are 

created by projecting the 3D points of the tree onto a projection plane. 
The pixel coordinates are obtained by finding the orthogonal, or per-
pendicular, projection of the point onto the plane. The projection plane 
is the 𝑥𝑧-plane, and hence the projection corresponds to extracting 
the 𝑥- and 𝑧-coordinates of the points. The 𝑥- and 𝑦-coordinate axes 
correspond to easting and northing in the georeferenced data, and the 
𝑧-axis to the upwards direction. The projections are taken from multiple 
angles, as the silhouette of the tree varies depending on the viewing 

https://github.com/ultralytics/ultralytics
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Fig. 3. (a)–(b) Two examples of images used in training the models. The images are WOP images created from the same birch from the same angle. (a) All the 
points are used for the projection. (b) Points nearest to the ‘‘viewing plane’’ are removed to reduce occlusion on the trunk and inner branches. (c) Images in 
different resolutions of the same rowan. The resolution is achieved by bilinearly interpolating the image of size 1024 × 1024.
angle. The projections from different angles are achieved by rotating 
the point cloud around the 𝑧-axis and projecting onto the 𝑥𝑧-plane. 
Prior to taking the projections, we centred the tree in the origin, by 
translating the approximated coordinates of the trunk to the origin. In 
this study, we used five different viewpoints, corresponding to rotations 
of 0◦, 72◦, 144◦, 216◦ or 288◦ around the 𝑧-axis. In the case that multiple 
points have the same projected coordinates, and would hence overlap 
in the projection image, the point nearest to the projection plane was 
used as the pixel source.

From each angle, we created two images: the full projection contain-
ing all points and a sliced image in the depth direction to gain insight of 
the structure of the tree closer to the trunk. This information includes 
the growing direction of branches, for example. To generate the sliced 
images, we excluded all points in the rotated point cloud whose y-
coordinate satisfied 𝑦 > 𝑡𝑦+𝑘, where 𝑡𝑦 is the estimated y-coordinate of 
the tree trunk, and 𝑘 is a used-defined threshold. The remaining points 
were used to create the image. In this study, we used 𝑘 = 0.7m. This 
selection provides useful structural information of the insides of the 
tree, while being robust against errors in the trunk position estimation. 
The differences between the full images and the sliced images can be 
seen in Figs.  3(a) and 3(b). Notably, the trunk and inner branches are 
more visible in the sliced image than in the full image. Consequently, 
we created ten 512 × 512 images of each tree per colouring scheme, 
which are discussed below. In addition, to test the effect of image size 
on classification accuracy, we created images of size 1024 × 1024 from 
the MLS data. Multiple images with varying size were produced from 
6 
the full image via bilinear interpolation, see Fig.  3(c), and performance 
was tested on each resolution individually.

In the OPI images, we used the intensity values of the points as a 
single-channel colour input. The intensity values provided by the scan-
ners belong to the interval [0, 65 536] and were normalised by dividing 
by the maximum value, 65 536, since the absolute scale of the intensity 
can reveal relevant information about the tree. The scaled intensity 
values were then linearly scaled to the interval [0, 255], and rounded 
to integers. For the MLS data, these values were then used as input 
for each of the three 8-bit colour channels in an RGB-image, resulting 
in a greyscale image. The ALS data contains information from three 
intensity channels, from which we created intensity-coloured images 
by using different permutations of the intensities. We created greyscale 
intensity images from each individual channel as described for the MLS 
data, and also three types of images containing two different channels, 
and finally images using all three channels. For the images containing 
two different channels, the third colour value in the images was set 
to zero. For the images containing data from all three channels, we 
performed a similar normalisation as above and used the three channels 
as input to the red, green, and blue colour channels. The various 
colouring schemes are illustrated in Fig.  4.

For NV images, we first estimated a normal vector for each point. 
The normal at each point was estimated using the estimate_
normals function of the Open3D library,4 which determines a local 

4 https://www.open3d.org/docs/0.7.0/python_api/open3d.geometry.
estimate_normals.html

https://www.open3d.org/docs/0.7.0/python_api/open3d.geometry.estimate_normals.html
https://www.open3d.org/docs/0.7.0/python_api/open3d.geometry.estimate_normals.html
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tangent plane from the 𝑁 nearest neighbours, identified using a KD-
tree, using principal component analysis. No upper limit for the search 
radius was used. The unit normal vector of this plane is then chosen 
as the normal vector at the point. In this study, 𝑁 = 20 was used 
for all experiments. This allows for enough points so that the plane 
is approximately tangential to the surface at the point, while taking 
points from a small enough area so that we preserve local geometry. 
In the ablation studies it was found that the choice of 𝑁 = 20 provides 
the best balance between MLS and ALS data, although the effect of the 
number of nearest-neighbours used is rather minuscule, as seen in Table 
8. We oriented the normals to point outward in a standardised manner, 
so that the spatial angle between the normal vector and the vector from 
the point to the estimated trunk is greater than 90◦. Specifically, if the 
angle between the estimated normal vector and the vector from the 
point to the estimated trunk is less than 90◦, we switched the sign of 
the normal vector. Subsequently, the components of the normal vector 
were used as the red, green, and blue colour channels, after a linear 
scaling to the interval [0, 255], and rounding to integer values.

To inspect how Normalview fares against established geometry-
based methods, we also generated depth-based images from the tree 
point clouds. We followed the protocols outlined in Allen et al. (2022) 
and the DetailView method in Puliti et al. (2025b) for creating the 
depth images. For each tree, the point coordinates were first median-
centred and uniformly scaled to fit within [−1, 1]3. The resulting point 
cloud was rotated around the vertical axis to obtain the same set of 
azimuthal views as the other projection methods. For each view, the 
x- and z-coordinates were orthographically projected onto the image 
plane, while the coordinate along the viewing direction was used as the 
pixel value. In other words, the linear distance (depth) from the viewing 
plane was used as the colour value. When multiple points projected to 
the same pixel, the depth of the point closest to the viewing direction 
was retained. Empty pixels were assigned a value of zero, and the 
resulting depth values were linearly mapped to the 8-bit range [0,255], 
and rounded to integers. For each viewing angle, an additional sliced 
projection was generated by the same slicing procedure as for the other 
projection modes. Unlike the original DetailView configuration, which 
combines side, top, bottom, and close-up trunk projections, only the 
side views were used here so that the experiments isolate the effect 
of the pixel representation while keeping the number and orienta-
tion of projections consistent across methods. The code to create the 
projection images was implemented following the public DetailView 
repository5 (Puliti et al., 2025b).

In the WOP images, a pixel was simply coloured white, if there 
is a projected point corresponding to it. For the intensity and normal 
images, we applied a Gaussian convolution kernel, to make the images 
smoother. The convolution kernel is 3 × 3 with a standard deviation of 
0.85. No filter was applied to the WOP images. In line with Allen et al. 
(2022), Puliti et al. (2025b), no filter was applied to the depth images 
either.

Projecting the points onto a two-dimensional plane inherently
causes information loss, as we lose one degree of spatial freedom. 
Consequently, we lose intrinsic structural relationships in the data. 
The projection tactics described in this section attempt to combat 
this: multiple viewing angles provide a more thorough view of the 
tree than one singular angle, and the slice images allow the models 
to ‘‘see inside the trees’’, as can be seen in Fig.  3. The key idea 
behind the normal projections is to embed three-dimensional structural 
information into the images via colour. Normal vectors describe the 
local three-dimensional geometry of each point. Another way this could 
be achieved is by using eigenfeatures derived from the local structural 
tensor of each point, as is done by Blackburn et al. (2025).

Additionally, we examined the effect of image size in model training 
on model performance. Image size refers to the parameter passed on to 

5 https://github.com/JulFrey/DetailView
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the YOLO model in the training phase. YOLO scales the input images 
to the set image size by applying bilinear interpolation. All images 
in this experiment were created to have size 1024 × 1024, and were 
scaled using the bilinear interpolation to the set size when training 
the model. Ultralytics implements the scaling using OpenCV’s resize-
function (Bradski, 2000). We tested the effect of image size only on the 
intensity-coloured images. The differences in perceived visual quality 
are large for the smaller image sizes, as demonstrated by Fig.  3(c). We 
see that a significant portion of visual details are lost in images sized 
128 × 128 and smaller.

2.4.2. Model training
As the classification model, we used the YOLOv11x-cls architecture, 

provided by Ultralytics (Jocher and Qiu, 2024). Although the YOLO 
family is primarily associated with object detection, dedicated clas-
sification variants have been developed and evaluated on large-scale 
image classification benchmarks. YOLOv11 builds upon the preceding 
YOLO models, starting from YOLOv1 (Redmon et al., 2016). For an 
evolution of the YOLO architectures, see Terven et al. (2023). YOLOv11 
employs a convolutional backbone–neck architecture designed for hier-
archical feature extraction. The backbone uses C3k2 blocks and spatial 
pyramid pooling, followed by the C2PSA attention module, while the 
feature-pyramid-based neck combines information from multiple spa-
tial resolutions. In the classification variant used here, the detection 
head is replaced by a classification head that produces image-level class 
probabilities. The source code for the YOLOv11 models is available at 
the Ultralytics Github repository.6

The choice of architecture was mainly motivated by a favourable 
balance between computational requirements and classification per-
formance, as well as the usability and performance of the training 
and inference frameworks provided by Ultralytics. YOLO models have 
also been used in tree species classification, for example in the bench-
marking studies by Puliti et al. (2025b) and Taher et al. (2026), with 
reasonably high performance, compared to other CNN backbones. We 
emphasise however, that the proposed methodology is independent of 
YOLO, in the sense that any image classification network could be used 
as the downstream classifier. If one has access to sufficient hardware, 
the Vision Transformer (ViT) (Dosovitskiy et al., 2021) could be used 
an alternative classifier. The smallest ViT model contains 86 million 
parameters, and would have been computationally too demanding for 
the hardware used in this study. For comparison, the used YOLOv11x-
cls model has 28.6 million parameters, requires 13.6 billion floating 
point operations per second (FLOPs), and achieves an overall accu-
racy of 79.5% on the ImageNet dataset (Deng et al., 2009). Other 
alternative CNNs which could be used include the various variants 
of EfficientNet (Tan and Le, 2020), which have between 5.3 and 66 
million parameters, and achieve an overall accuracy between 77.1% 
and 84.3% on the ImageNet dataset, and the different ResNet (He et al., 
2015) models.

The training parameters can be seen from Table  3. Parameters not 
mentioned in the table are left to the default values. We divided the 
data so that approximately 80% of the trees are used for model training, 
and 20% are used for testing. Taher et al. (2026) use a 5-way k-fold 
split in their studies. The train/test split we used for the ALS data 
corresponds to the train/test split of the first fold in Taher et al. (2026). 
The stratified tree-level train–test split, the species counts of which are 
visible in Table  2, was used throughout the experiments, such that 
all observations from an individual tree were assigned exclusively to 
either the training or test set. This type of single-split evaluation is 
commonly used in tree-species classification studies, including Puliti 
et al. (2025b), Liang et al. (2014), Marinelli et al. (2022), Tockner et al. 
(2025). The model weights were initialised to the weights of the model 
pretrained on the ImageNet dataset.

6 https://github.com/ultralytics/ultralytics

https://github.com/JulFrey/DetailView
https://github.com/ultralytics/ultralytics
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Fig. 4. Example images of the nine different tree species and image colouring methods used in model training. All samples are from the ALS data. For explanations 
for the colours, see Section 2.4.1.
For each tree, ten projection images were generated during training, 
corresponding to five viewing directions and both the full and sliced 
projections. These images were treated as individual training samples, 
with the tree-level class label assigned to each image. During inference, 
50 images were generated for each tree by using 25 viewing directions 
and both full and sliced projections. The image-level class probabilities 
were summed across all 50 images, and the species with the highest 
aggregated probability was assigned as the tree-level prediction. Using 
a high number of viewing angles in the inference phase increases model 
robustness, at the cost of computational efficiency. In the training 
phase, we used early stopping to prevent overfitting and to save time. 
8 
Early stopping means stopping training prior to reaching the set num-
ber of epochs, if no improvement in validation metrics is observed for 
a certain number of epochs. Ultralytics provides this functionality via 
the patience parameter, which was set to 30.

Image augmentations in the training phase of image classification 
models are recognised to be of significant benefit to model robustness 
and to avoid overfitting (Shorten and Khoshgoftaar, 2019). The aug-
mentations can include geometric transformations (translations, scal-
ing, and horizontal flips), colour transformations (hue, saturation, and 
brightness adjustments), blocking parts of the image, and combining 
multiple images into one. During training, we used the RandAugment 
policy (Cubuk et al., 2020), implemented by Ultralytics, which in turn 
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Table 3
Parameters used in model training. For the entries for image and batch size, the first one refers to ALS 
models, and the second one to MLS models. The values inside parentheses for CPU, RAM and GPU refer 
to the machine used to train models with image sizes 768 and 1024 in the image size tests.
 Parameter Value  
 Epochs 400  
 Image size 256 / 512  
 Batch size 16 / 5  
 Optimizer AdamWa  
 lr0b 0.0005  
 Dropout 0.15  
 Patiencec 30  
 Momentumd 0.8  
 Learning rate scheduler Cosinee  
 Augmentation policy RandAugment  
 Python 3.11.  
 PyTorch 2.7.0.  
 CUDA 12.4.  
 RAM 32GB (256GB)  
 CPU Intel Core i7-12850HX(Intel Xeon Gold 6234)  
 GPU 12 GB Nvidia RTX A3000(24 GB Nvidia Quadro RTX A6000) 
a See Loshchilov and Hutter (2017).
b Initial learning rate.
c Number of epochs to wait before stopping training early if performance does not improve.
d 𝛽1 parameter in AdamW; controls incorporation of past gradients.
e See Loshchilov and Hutter (2016).
Fig. 5. A flowchart representing the workflow of the used methods. First, we create images from the input point cloud (green). Then, we either train a model 
using the created images (red), or use a trained model to predict the species of the input (brown).
is based on the PyTorch7 implementation. No additional augmentation 
was applied during validation or inference. The used software versions 
and hardware specifications can be seen in Table  3. In the image size 
tests, models using sizes 768 and 1024 were trained on a more powerful 
machine, due to high VRAM consumption.

The workflow presented in Fig.  5 illustrates that the proposed image 
creation procedure is independent of the downstream classifier and 
could therefore be combined with other image-based architectures. 
From the input data, we create images according to the methods 
described in Section 2.4.1. From these images, we can either train a 
new model, or predict the species of the input point cloud using a 
trained model. Notably, in the training phase we create 10 images per 
tree point cloud, but when doing inference, 50 images are created. All 
code used for projection generation, model training, and evaluation 
is publicly available at Korkeala (2026), and the model weights are 
available at Korkeala et al. (2026), enabling the experiments and 
reported results to be reproduced.

7 https://docs.pytorch.org/vision/main/generated/torchvision.transforms.
RandAugment.html
9 
2.5. Reference method: Point transformer

In order to benchmark the proposed NormalView method against 
existing tree species classification methods, we selected the Point Trans-
former (Zhao et al., 2021) as a baseline due to its high accuracy 
in this task (Taher et al., 2026). For consistency, our experimental 
setup closely followed that of the individual tree species classification 
benchmark by Taher et al. (2026).

The baseline experiments included four scenarios: (1) Only x-, y- 
and z-coordinate information (geometry), (2) geometry and intensity 
values, (3) geometry and normal vector information, and (4) geome-
try, intensity and normal vector information. The normal vectors for 
each point were computed equivalently to the NormalView approach 
described in Section 2.4.1.

Prior to training and inference the individual tree point clouds were 
mean centred, and the overall scale was normalised by dividing all 
spatial coordinates by a scaling constant that effectively fit the point 
cloud inside a unit sphere while preserving the natural aspect ratio. 
Likewise, the intensity values were normalised to reside in the interval 
[0, 1] by scaling the original 16-bit intensity values by a factor of 1/216. 
Random sampling was applied to standardise the point density across 

https://docs.pytorch.org/vision/main/generated/torchvision.transforms.RandAugment.html
https://docs.pytorch.org/vision/main/generated/torchvision.transforms.RandAugment.html
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samples. The target point density of 1500 points/m2 was obtained by 
sampling points from the original point clouds with respect to the 
effective tree canopy area. The effective canopy area was defined as the 
area of convex hull enclosing the orthographically projected tree points 
on the Easting-Northing (x- and y-coordinates, respectively) plane. The 
target point density in the baseline experiments was selected as a trade-
off between the available GPU memory capacity and point density 
performance scaling law established in Taher et al. (2026). The Point 
Transformer experiments were also conducted using a constant point 
count of 8192 points for each tree. The results for constant point count 
experiments are available in Appendix  B.

The Point Transformer model was trained in each experiment for 
200 epochs and the model that obtained the highest overall accu-
racy in the validation set was used to evaluate the baseline perfor-
mance metrics. For comparability, the test set split was identical to 
the NormalView experiments. The validation set was selected among 
the training and validation samples by stratified sampling, such that 
10 percent of the samples in the training and validation set were used 
for validation and 90 percent of the samples were available for training. 
The model was trained using regular cross-entropy loss function with 
AdamW optimizer (Loshchilov and Hutter, 2017). The learning rate 
was initially set to 0.001 and dynamically adjusted using a cosine 
annealing scheduler (Loshchilov and Hutter, 2016) across 𝑇max = 200
epochs down to a minimum learning rate of 10−6. Training time data 
augmentations consisted of random translation (uniform distribution 
in the interval [−0.1, 0.1]), isotropic scaling (uniform distribution with 
scaling factor between 0.8 and 1.2), rotation (uniform distribution with 
rotations limited to ± 10 degrees along each principal axis) and jittering 
of the x-, y- and z-coordinates (normally distributed with 𝜇 = 0 and 
𝜎 = 0.005). Additionally, the point-wise intensity values were ran-
domly scaled (uniform distribution with scaling factor in the interval 
[0.99, 1.01]) and zero-mean Gaussian noise (𝜎 = 0.005) was added to 
the values. Batch size 16 was used throughout the experiments.

Training and evaluation of the baseline model was carried out on 
a computer equipped with an Intel Xeon Gold 6244 CPU, 512 GB of 
RAM, and two NVIDIA RTX A6000 GPUs with 48 GB of VRAM each.

2.6. Experiments

Below are listed the experiments that were conducted in this study.

• Comparison of models trained on OPI, NV, and WOP images 
created from MLS data.

• Comparison of models trained on OPI, NV and WOP images cre-
ated from ALS data using seven species and the full nine species 
data set.

• Comparison of models trained on OPI, NV and WOP images 
created from a mixed dataset consisting of both the MLS and ALS 
datasets.

• Conducting comparative studies using depth images and the Point 
Transformer architecture on the MLS dataset.

• Conducting ablation studies on the effects of point density, near-
est neighbour parameter in normal vector estimation, and slice 
images on model performance.

• Evaluating the effect of image size on model performance.
• Evaluating the computational efficiency of the image creation 
pipeline of the proposed NormalView method.

To compare the models using different image types, we trained mod-
els with the same initial parameters and evaluated their performance 
using the metrics listed in Section 2.7. The OPI images created from 
ALS data contain all possible seven permutations of different intensity 
channels as described above. The motivation behind these tests is to 
evaluate the performance of NormalView against models using radio-
metric information, as well as to inspect the differences between models 
using intensity information from a single source compared to models 
using data from multiple sources.
10 
Additionally, we examined the effect of image size in model training 
on model performance. Image size refers to the parameter passed on to 
the YOLO model in the training phase. The input images are scaled to 
the set image size by applying bilinear interpolation. All images were 
created to have size 1024 × 1024, and were scaled using the bilinear 
interpolation to the set size when training the model. Ultralytics imple-
ments the scaling using OpenCV’s resize-function (Bradski, 2000). We 
tested the effect of image size only on the intensity-coloured images. 
The differences in perceived visual quality are large for the smaller 
image sizes, as demonstrated by Fig.  3(c). We see that a significant 
portion of visual details are lost in images sized 128 × 128 and smaller. 
However, the visual differences are not as prevalent between the larger 
images. The aim was to find out how much the image size parameter 
affects model performance, and what is the optimal image size.

When training on the mixed MLS + ALS dataset, we used image 
size 256 × 256 in training. As discussed above, the images are scaled 
to the set resolution before being passed on to the model. Thus, 
nothing is done to the ALS images, as they already have resolution 
256 × 256, but the MLS images are scaled down from their 512 × 512 
resolution. Further, on the mixed dataset we used the data from scanner 
2 (miniVUX-1DL) as the intensity data for the ALS segments. The reason 
for this choice is that out of the three models using single-channel 
intensity data on the nine species ALS data, the one using channel 2 
data performed the best, see Table  5.

2.7. Model evaluation

To evaluate the trained models, we utilised four macro-level met-
rics: overall accuracy (OA), macro-average accuracy (MAA), macro-
average F1-score (MAF1), Cohen’s kappa (K) (Cohen, 1960), and three 
species-level metrics: precision (P), recall (R) and species-wise F1 (F1). 
We denote true positives by TP𝑠, true negatives by TN𝑠, false negatives 
by FN𝑠, and false positives by FP𝑠, where 𝑠 denotes the species.

Overall accuracy is defined as the ratio of correct predictions over 
all test samples

OA = 1
𝑁𝑡𝑒𝑠𝑡

𝑁𝑡𝑒𝑠𝑡
∑

𝑖=1
1(𝑦̂𝑖 = 𝑦𝑖),

where 𝑁𝑡𝑒𝑠𝑡 is the number of samples in the test set, 1 is the indicator 
function, 𝑦̂𝑖 is the predicted label of the 𝑖th segment, and 𝑦𝑖 is the 
correct label of the 𝑖th segment. OA is a straightforward metric for 
classification models, but can be a poor indicator of performance, for 
example if the underlying class distribution is imbalanced (He and 
Garcia, 2009).

The species-wise precision, recall, and F1-score are defined as

P𝑠 =
TP𝑠

TP𝑠 + FP𝑠
, R𝑠 =

TP𝑠
TP𝑠 + FN𝑠

, F1,𝑠 =
2P𝑠R𝑠
P𝑠 + R𝑠

To gain insight of model performance in the presence of the afore-
mentioned imbalance in the species distribution, we also calculated the 
macro-average accuracy and macro-average F1-score for each model. 
These metrics are highly informative, since both of the used datasets 
have imbalances between the species counts. The macro-averaged met-
rics give equal weight to each species, and thus they are sensitive to 
poor performance on the less represented species. The MAA is defined 
as the arithmetic mean of species-wise recalls, while the MAF1 is 
defined as the arithmetic mean of species-wise F1 scores.

MAA = 1
|𝑆|

∑

𝑠∈𝑆
R𝑠, MAF1 =

1
|𝑆|

∑

𝑠∈𝑆
F1,𝑠

where 𝑆 denotes the set of all species in the dataset and |𝑆| the number 
of species in the set. The Kappa score is defined as
K =

𝑝𝑜 − 𝑝𝑒
1 − 𝑝𝑒

,

where 𝑝𝑜 is the empirical agreement observed between the predictions 
and the ground truth and 𝑝𝑒 is the proportion of samples agreed upon 
if the predictions were given by chance.
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Table 4
Performance metrics of models trained on MLS data. Bolded values indicate the best performance in each metric.
 Type OA (%) MAA (%) MAF1 (%) K (%) 
 Intensity 94.6 91.6 91.7 93.1  
 Normal 95.5 94.8 93.1 94.2  
 Black-and-white 94.0 90.7 89.8 92.3  
Table 5
Comparison of model performance metrics on ALS data for 7 and 9 species. Bolded values indicate the best performance in 
each metric respectively for 7 and 9 species. Channel 1 refers to intensity information provided by VUX-1HA, Channel 2 to 
miniVUX-1DL, and Channel 3 to VQ-840-G.
 7 Species 9 Species
 Type OA (%) MAA (%) MAF1 (%) K (%) OA (%) MAA (%) MAF1 (%) K (%)

 Channels: 1 93.6 90.1 91.1 91.5 91.8 79.7 82.4 89.2 
 Channels: 2 93.2 89.5 90.5 91.0 92.2 80.3 83.1 89.8 
 Channels: 3 93.4 89.5 90.3 91.2 91.2 77.9 80.8 88.5 
 Channels: 12 93.1 89.6 90.5 90.9 91.8 83.2 85.4 89.3 
 Channels: 13 93.1 88.8 89.9 90.8 92.3 84.2 85.3 90.0 
 Channels: 23 93.2 88.3 89.4 91.0 92.1 82.3 83.6 89.6 
 Channels: 123 93.6 90.6 91.1 91.5 92.5 84.9 86.8 90.2 
 Normal 93.4 88.9 89.9 91.2 91.8 79.1 81.8 89.2 
 Black-and-white 93.5 89.5 90.5 91.3 91.6 79.5 82.9 89.0 
Table 6
Performance metrics of models trained and evaluated on the combined MLS and ALS dataset. Bolded values indicate the best 
performance in each metric.
 Type OA (%) MAA (%) MAF1 (%) K (%) 
 Intensity 92.2 78.1 81.3 89.7  
 Normal 92.1 76.4 79.5 89.6  
 Black-and-white 92.4 77.2 81.0 90.0  
As the models were trained using a single run, the reported metric 
values should be interpreted carefully, primarily as descriptive compar-
isons, rather than as evidence that small differences in metric signify 
statistical superiority.

3. Results and discussion

In this section, we evaluate the performance of models and provide 
an analysis of the results. In Section 3.1, we show the performance 
of the models trained on MLS data and seven species, on ALS data, 
both with seven and nine species, and on a mixed nine species dataset 
which is made up of the MLS and ALS datasets. To further evaluate the 
performance of our proposed method, we run comparative experiments 
using established methods in the field, namely depth-coloured images 
and Point Transformer, the results of which are in Section 3.2. The 
results of the ablation studies are presented in Section 3.3. Section 3.4 
presents our analysis of the effect of image size on model performance, 
as well as an investigation of the computational efficiency of the 
proposed NormalView pipeline.

3.1. Model performance evaluation

The macro-level model performance metrics for the models trained 
on MLS data are presented in Table  4, and the results for the ALS 
models are visible in Table  5, for both seven and nine species. Table 
6 contains the performance metrics for models trained on a mixed 
dataset, which contains both the MLS and ALS data. The species-level 
metrics are visible in Figs.  6 and 7, for the MLS and ALS models 
respectively, while Fig.  8 contains the metrics of the models trained on 
the MLS + ALS dataset. In the following, Channel 1 refers to intensity 
information provided by VUX-1HA, Channel 2 to miniVUX-1DL, and 
Channel 3 to VQ-840-G.

NormalView demonstrates the strongest performance on the MLS 
data, as can be seen in Table  4. It achieves the highest macro-level 
performance metrics across the board. The strong results in MAA and 
MAF  highlight the ability of NormalView to take into account even 
1

11 
minority species in dense MLS data. This observation is supported by 
the species-wise performance presented in Fig.  6. NormalView achieves 
the highest F1 for all species except for spruce and aspen.

The intensity-based model performs better than the black-and-white 
model, but the differences in performance are marginal. For the major-
ity species, the species-wise performance is similar across the models. 
However, as Fig.  6 shows, the differences start to show for the minority 
species. The black-and-white model performs notably worse than the 
other two models on rowan and lime.

The overall metrics for species classification for the ALS data are 
slightly lower than on the MLS data, as illustrated in Table  5. This can 
likely be attributed to the higher point density and superior segment 
quality in the MLS data. The results on the seven species ALS data 
remain strong, however, with the OA (MAA) being 93.1% (88.3%) or 
higher for each model. The average F1-scores and Cohen’s kappas all 
also exceed 90%, except for the macro-F1 scores for the normal model, 
and the models using intensity channels 1 and 3, and 2 and 3. On all 
the models, the MAA is noticeably lower than OA.

On the nine species dataset, the OAs (MAAs) are 91.2% (77.9%) or 
higher for each model. There is more notable separation between the 
OA and MAA for the models trained on nine species, when compared 
to the MLS models or models trained on seven species. On nine species, 
the models using multiple intensity channels perform more consistently 
than the others.

Overall on the ALS data, the model using all three intensity channels 
achieves the highest macro-level metrics, achieving an OA (MAA) of 
93.6% (90.6%) on seven species, and 92.5% (84.9%) on nine species. 
On seven species, the model using only intensity channel 1 achieves 
similar performance in all other macro-level metrics, except having a 
0.5% lower MAA than the three-channel model. On nine species, the 
model using intensity channels 1 and 3 achieves the second-highest 
values for the metrics, with the only notable difference to three chan-
nel model being a 1.5% lower MAF1. The overall accuracies of all 
models are within a percentage point for seven species, and within 
1.3 percentage points for nine species. There is a bit more separation 
in the MAA and MAF  metrics, which indicates that there are more 
1
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Fig. 6. Species-wise metrics of the models trained on MLS data. (a) Species-wise precision, (b) species-wise recall, (c) species-wise F1 scores. B&W refers to the 
model trained on black-and-white images.
noticeable differences in how the models perform across species. This 
is particularly relevant, as both the MLS and ALS have imbalanced 
species distributions. The difficulty of predicting minority species can 
be seen in Fig.  7: the metrics are lower for aspen, rowan, and lime, 
and especially for oak and alder. On the majority species, especially 
on pine and birch, the species-wise metrics are extremely strong. The 
differences in OA and the macro-averaged metrics are at least partly 
attributable to the weaker performance of the models on the less 
represented species.

The model using all intensity channels has the most balanced perfor-
mance across species. The models using two intensity channels perform 
extremely similarly on both the seven species and nine species datasets, 
and on the nine species dataset they outperform the single-channel and 
geometry-based models. This, and especially the adeptness of the three-
channel model, indicate that multispectral information is beneficial on 
datasets with numerous species.

With the seven species dataset, NormalView and the black-and-
white model perform comparatively with all the other models, with 
the MAAs being within two percentage points of the highest-performing 
model. On nine species, the models using multiple intensity channels 
consistently achieve higher macro-level metrics. Their performance is 
on an equal footing with the models using a single intensity channel. 
Their macro-level metrics are substantially worse than those of the 
three-channel model. However, the OAs (MAAs) of NormalView and 
the black-and-white model, 91.8% (79.1%) and 91.6% (79.5%) respec-
tively, indicate strong performance, only slightly losing out to the best 
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model (FGI-PointTransformer-DL-3D) in Taher et al. (2026), which is 
trained on the same data, and uses full radiometric information.

Table  6 presents the results of the models trained on the combined 
MLS and ALS dataset. The differences between the three projection 
methods are very small. All models achieve an overall accuracy of 
approximately 92%, with differences below 0.3 percentage points. 
Similarly, the macro-average metrics differ by less than two percentage 
points. The results are very similar to the results on the full ALS data 
in Table  5. Classification of the minority species, especially oak, and to 
a lesser degree rowan, lime, and alder, is again difficult, as suggested 
by Fig.  8. Across both the MLS and ALS datasets, the minority species 
have the lowest species level performance metrics. This suggests that 
the lower performance on them is not solely due to the acquisition 
modality, but also to some degree on the imbalance in the dataset.

Interestingly, the black-and-white model performs on par, if not bet-
ter, than the intensity and NormalView models on the mixed data. This 
suggests that silhouette information captures structural characteristics 
that generalise well across both acquisition modalities. The silhouette 
information remains more consistent between the data acquisition 
methods, than the local geometry used by NormalView, or the intensity 
information. In contrast, intensity values and local surface geometry 
appear to be more sensor-dependent, making their advantages less 
pronounced when MLS and ALS observations are combined into a single 
dataset.
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Fig. 7. Species-wise precision, recall, and F1-scores for models trained on ALS data with 7 (left) and 9 (right) species: (a)–(b) precision, (c)–(d) recall, (e)–(f) 
F1-scores.
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Fig. 8. Species-wise metrics of the models trained and evaluated on the mixed MLS + ALS data. (a) Species-wise precision, (b) species-wise recall, (c) species-wise 
F1 scores. B&W refers to the model trained on black-and-white images.
3.2. Comparative experiments

To compare our proposed method with established methods in the 
field, we trained and tested models using depth images, as well as 
three Point Transformer models on the MLS data. In their comparison 
study, Puliti et al. (2025b) found that the best method DetailView, 
uses depth values to colour the projection images. On the other hand, 
Taher et al. (2026) found the Point Transformer model to be the best 
performer in their tree species classification study. Thus, we chose to 
compare NormalView with depth projection using the same protocol 
as used by DetailView, and with the Point Transformer architecture by 
using the normal vector representation of NormalView as additional 
point attributes. The performance metrics are visible in Table  7. The 
metrics and a brief discussion for the Point Transformer using point 
clouds downsampled to a constant point count (8192) can be found 
in Appendix  B.

The results of the depth-based model are shown in Table  7. The 
depth model achieves an overall accuracy of 95.2%, which is compara-
ble to that of the OA of NormalView, 95.5%. Its macro-average F1-score 
is also very similar, at 93.3% compared with 93.1% for NormalView. 
NormalView achieves a slightly higher macro-average accuracy (94.8% 
vs. 94.2%) and Cohen’s kappa (94.2% vs. 93.8%). Thus, the results are 
extremely similar, and as such the results do not suggest a substantial 
difference between the projection methods, when it comes to species 
classification performance.
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The strong performance of the depth model is nevertheless infor-
mative for evaluating NormalView. Both approaches encode geometric 
information into a two-dimensional representation, but they do so in 
fundamentally different ways. Depth represents the distance of the vis-
ible surface from the projection plane, and therefore primarily retains 
information about the three-dimensional arrangement of the points 
along the viewing direction. In contrast, the normal representation 
encodes the local orientation of the surface at each point. Conse-
quently, the two representations provide different geometric informa-
tion: depth describes where the surface is located, whereas surface 
normals describe how the surface is locally oriented.

The similar performance of the two models suggests that both cues 
contain sufficient information to help in distinguishing the tree species 
in the MLS dataset. This also indicates that the high performance of 
NormalView cannot be attributed solely to the use of a geometric repre-
sentation rather than radiometric information. The results indicate that 
normal-vector projections constitute a competitive alternative to depth-
based projections for converting local three-dimensional geometry into 
a representation suitable for conventional image classification.

The performance metrics of Point Transformer in Table  7 reveal 
a clear relationship between model performance and the number of 
input features. The version using all three available point features, 
point coordinates, intensity values, and normal vectors, obtains the 
best performance, with an OA and MAA of 92.8% and 92.0%, respec-
tively. This version is outperformed by NormalView by approximately 
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Table 7
Performance metrics of Point Transformer trained on point clouds subsampled to constant point density and a model trained 
using depth images on MLS data. XYZ refers to point coordinates, I to intensity values, and N to normal vectors. Bolded values 
indicate the best performance in each metric, respectively, and the values in parentheses indicate the difference relative to the 
NormalView model trained on the full-density MLS dataset (Table  4).
 Type OA (%) MAA (%) MAF1 (%) K (%)  
 Depth 95.2 (−0.3) 94.2 (−0.6) 93.3 (+0.2) 93.8 (−0.4)  
 Point Transformer
 XYZ 76.9 (−18.6) 66.6 (−28.2) 68.6 (−24.5) 69.6 (−24.6) 
 XYZ + I 86.5 (−9.0) 77.6 (−17.2) 79.6 (−13.5) 82.6 (−11.6) 
 XYZ + N 89.5 (−6.0) 83.7 (−11.1) 83.0 (−10.1) 86.5 (−7.7)  
 XYZ + I + N 92.8 (−2.7) 92.0 (−2.8) 90.3 (−2.8) 90.8 (−3.4)  
three percentage points in each metric. When using only intensity 
information or normal vectors, the performance of Point Transformer 
degrades by a significant amount. Comparing with NormalView, the 
Point Transformer using point coordinates and normal vectors is sub-
stantially outperformed, with a difference of 6.0 and 11.1 percentage 
points in OA and MAA, respectively. Using only the point coordinates 
yields the worst results: an OA (MAA) of 76.9% (66.6%). Furthermore, 
the macro-average metrics decrease more rapidly than overall accuracy.

When comparing Point Transformer with the projection models, it 
should be kept in mind that the input data and the model architecture 
of Point Transformer are completely different to those of the projection 
models. The results do, however, reveal that projection-based methods 
are a viable alternative to point-based architectures on MLS data.

As mentioned above, adding auxiliary features improves the per-
formance of Point Transformer. However, adding normal vector in-
formation to point coordinate information yielded noticeably stronger 
results than adding intensity information. Namely, adding intensity 
information improves the OA (MAA) by 9.6% (11.0%), while adding 
normal information to the point coordinates elevates the OA (MAA) by 
12.6% (17.1%). This is on par with the findings in Section 3.1, where 
it was observed that NormalView achieved slightly better performance 
than the projection model using intensity data on the MLS dataset. The 
larger improvement obtained from adding normal vectors than from 
adding intensity information, particularly in MAA, suggests that local 
surface orientation provides useful discriminative information for tree 
species classification in high-density MLS data. The larger gain in MAA 
is particularly noteworthy, as it indicates that the benefit of normal 
information extends across all species. Importantly, normal information 
provided benefits in both projection-based and point-based architec-
tures. Adding both normal vectors and intensity to point coordinates 
further improves the OA and MAA by 15.9 (25.4) percentage points, 
respectively, which is a notable improvement suggesting that normal 
vectors and intensity offer complementary information.

3.3. Ablation studies

We conducted ablation studies to inspect the effect of different 
parameters and data quality on the performance of the models. Namely, 
we tested how the nearest-neighbour parameter 𝑁 in normal vector 
estimation affects the models, do the sliced images provide benefits 
as opposed to using no sliced images, and how significantly model 
performance drops, if at all, on lower-density MLS data.

As discussed in Section 2.4.1, to estimate the normal vector at a 
given point, we fit a plane to the nearest 𝑁 points, and take the normal 
vector of the plane to be the normal vector at the point in question. To 
investigate the effect of this parameter, we created images by using a 
varying 𝑁 in the normal vector estimation phase, and trained otherwise 
similar models on the images.

As the results in Table  8 show, the nearest-neighbour parameter 
does not affect NormalView’s performance greatly. On dense MLS data, 
the best results are achieved with 𝑁 = 3, with 𝑁 = 20 achieving com-
paratively similar values. On MLS data, the results are all close to each 
other, with the exception of 𝑁 = 30, where performance is noticeably 
weaker. On the ALS data the results are even more homogeneous, with 
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𝑁 = 5 being the best, followed again closely by 𝑁 = 20. However, the 
metrics of the various models are extremely similar. The results indicate 
that NormalView is relatively insensitive to the choice of the nearest-
neighbour parameter in normal vector estimation. This is important, as 
it implies that extensive parameter optimisation is not necessary when 
applying the method.

We studied the effect of point density on the performance of Nor-
malView on the MLS dataset. We conducted the study by randomly 
subsampling the MLS tree segments to a desired point density, and 
creating images from the subsampled segments, and training models 
on them.

The results, presented in Table  9, are perhaps a little surprising. The 
performance generally degrades as the point density decreases. On the 
lowest density data, which has a point density of 500 pts∕m2, the overall 
accuracy drops only 2.4 percentage points, while the MAA drops by 4.9 
percentage points. On 2000 pts∕m2 the OA drops only by 0.6 percentage 
points and the MAA and MAF1 decrease by 3.1 and 1.0 percentage 
points, respectively, when compared to the model trained on the full 
density data. The separation between the models trained on subsampled 
data is even more moderate. The results on the downsampled data for 
point densities 2000 pts∕m2 and 1000 pts∕m2 are slightly stronger than 
what NormalView achieved on the ALS data and seven species, which 
is a dataset consisting of the same species at approximately the same 
point density. The above findings suggest that a full coverage of the 
tree, as obtained from a below-canopy scanner, is more important for 
performance than a high point density. However, from the MAA and 
MAF1 it can be inferred that it is easier to distinguish minority species 
when the point density is higher.

Finally, Table  10 shows the metrics on models trained on intensity, 
normal, and black-and-white MLS data without slice images. The slice 
images improve the performance of the intensity and NormalView mod-
els, particularly the latter, where removing slice images decreases the 
macro-average accuracy by 3.7 percentage points. This indicates that 
exposing the internal branch and trunk structure provides additional 
discriminative geometric information beyond the outer silhouette. In 
contrast, the black-and-white model slightly benefits from removing 
slice images, suggesting that silhouette-only representations cannot 
effectively exploit the additional internal structure and may instead be 
affected by the increased image complexity.

3.4. Effect of image size on model performance and computational effi-
ciency

Fig.  9(a) shows that increasing image size improves model per-
formance to a certain extent. The highest test accuracy (95.2%) and 
macro-average test accuracy (93.8%) are achieved by the model using 
512 × 512 as the image size. The models using higher image size, 
768 × 768 and 1024 × 1024, perform slightly worse than the model 
using size 512 × 512, and rather equally to the model using size 
256 × 256. The training accuracies are markedly higher than test 
accuracies for all models. Curiously, the model using size 512 × 512 
has the third-worst training accuracy, surpassing only the models using 
sizes 32 × 32 and 64 × 64. This hints that the model overfitted to the 
training data the least among the models. The model using image size 
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Table 8
Performance metrics of NormalView trained with varying number of nearest points 𝑁 in normal vector estimation. The bolded 
values indicate the best performance in each metric, respectively.
 MLS ALS

 𝑁 OA (%) MAA (%) MAF1 (%) K (%) OA (%) MAA (%) MAF1 (%) K (%)

 3 95.5 95.1 94.6 94.2 91.2 78.0 80.9 88.5 
 5 94.6 92.7 92.9 93.0 91.8 79.5 81.9 89.2 
 10 94.3 93.6 92.3 92.7 91.7 78.9 81.5 89.1 
 15 94.3 92.9 91.7 92.7 91.1 77.8 80.3 88.4 
 20 95.5 94.8 93.1 94.2 91.8 79.1 81.8 89.2 
 30 92.8 91.2 89.7 90.7 91.8 78.8 80.4 89.2 
 40 94.5 92.1 91.6 92.7 91.7 78.7 80.4 89.1 
Table 9
Metrics of NormalView trained on MLS data with varying point densities. Bolded values indicate the best performance in each 
metric, respectively, and the values in parentheses indicate the difference relative to the NormalView model trained on the 
full-density MLS dataset (Table  4), where the median and mean point densities are 6147 pts∕m2 and 6917 pts∕m2, respectively.
 Point Density (pts∕m2) OA (%) MAA (%) MAF1 (%) K (%)  
 5000 94.6 (−0.9) 92.2 (−2.6) 91.3 (−1.8) 93.1 (−1.1) 
 4000 93.4 (−2.1) 90.4 (−4.4) 89.1 (−4.0) 91.5 (−2.7) 
 3000 93.7 (−1.8) 90.1 (−4.7) 89.6 (−3.5) 91.9 (−2.3) 
 2000 94.9 (−0.6) 91.7 (−3.1) 92.1 (−1.0) 93.4 (−0.8) 
 1000 94.0 (−1.5) 90.0 (−4.8) 90.5 (−2.5) 92.3 (−1.9) 
 500 93.1 (−2.4) 89.9 (−4.9) 89.4 (−3.7) 91.1 (−3.1) 
Table 10
Performance of models trained on MLS data without slice images. Bolded values indicate the best performance in each metric, 
respectively, and the values in parentheses indicate the difference relative to the models trained using images created by the 
same projection procedure, with the addition of slice images (Table  4).
 Type OA (%) MAA (%) MAF1 (%) K (%)  
 Intensity 92.3 (−2.3) 90.6 (−1.0) 90.7 (−1.0) 90.7 (−2.3) 
 Normal 93.7 (−1.8) 91.1 (−3.7) 90.2 (−2.9) 91.9 (−2.3) 
 Black-and-white 94.0 (+0.0) 92.9 (+2.2) 91.5 (+1.7) 92.3 (+0.0) 
Fig. 9. (a) Performance metrics of models trained on MLS data and varying image sizes. (b) Proportions of empty pixels in images created from MLS data to 
sizes 1024 × 1024 and 512 × 512.
512 × 512 achieves better results than the model trained on intensity-
based images, where the initial image size is set to 512 × 512, which 
are visible in Table  4. Computationally, the models using larger image 
sizes require more memory and processing power, both during training 
and inference.

Fig.  9(b) shows that the images created into size 1024 × 1024 tend 
to have more empty pixels. The pixel sizes are 1.64 cm (± 0.47 cm), 
and 3.28 cm (± 0.93 cm) for the sizes 1024 × 1024 and 512 × 512, 
respectively, when evaluated by the average heights of the trees.

To assess the computational requirements of the different projection 
representations, the complete inference pipeline is evaluated on an 
uniformly sampled subset of 500 trees in the MLS dataset for each 
of the four image creation modalities described in Section 2.4.1. For 
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each tree, the point cloud is processed to generate the 50 projection 
images used for inference, after which the images are passed to the 
trained YOLO model to obtain the tree-level prediction. In what follows, 
preprocessing will refer to the following operations: loading the points 
of the tree segments into RAM memory, performing the necessary 
computations for each modality (normal estimation, normalisation and 
depth value estimation, etc...), image creation and writing the images 
to disc. Inference will refer to passing the created images through the 
YOLO model, and obtaining the species prediction. In combination, 
these steps comprise the inference pipeline described in Section 2.4.2, 
and consequently the sum of the preprocessing and inference times 
corresponds to the total time it takes for the method to obtain a 
prediction from a tree point cloud. We used 25 angles with sliced 
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Table 11
Average preprocessing and inference times per tree for the different projection representations, using 25 viewing angles and slice 
images (50 images in total per representation). Values are reported as mean ± standard deviation over the 500 trees used in the 
tests.
 Type Preprocessing (s) Inference (s) Total (s)  
 Intensity 2.78 ± 2.59 0.86 ± 0.16 3.64 ± 2.71 
 Normal 3.50 ± 3.38 0.88 ± 0.17 4.38 ± 3.50 
 Black-and-white 3.10 ± 2.90 0.85 ± 0.15 3.94 ± 3.00 
 Depth 5.69 ± 4.71 0.96 ± 0.20 6.65 ± 4.83 
Fig. 10. (a) The average preprocessing, inference, and total times of the NormalView pipeline as a function of the number of angles. (b) The preprocessing times 
of NormalView as a function of the number of points in the tree segment and the associated power-law fit.
images, as in the regular inference, and thus create 50 images per tree. 
All computational efficiency tests were run on the same machine used 
in model training, with 32GB of RAM, and a 12GB Nvidia GPU (for 
further details, please refer to Table  3).

From Table  11 we see that the total inference times for each image 
creation modality are, on average, a few seconds on dense MLS data. 
The preprocessing times are 3–5 times larger than the inference times 
for each model. Thus, as expected, the computational bottleneck is 
in the image creation and writing phase, rather than in the model 
inference phase. Also notable is that the standard deviations are much 
larger for the preprocessing times than for the inference times. This is 
expected because loading the point cloud and the subsequent prepro-
cessing operations depend on properties of the input tree, most notably 
its point count, whereas inference is performed on a fixed number of 
images with identical dimensions.

As mentioned, the substantial variation in preprocessing time is 
closely related to the size of the input point clouds. Fig.  10(b) shows the 
preprocessing time of NormalView as a function of the number of points 
in the corresponding tree segment on a log–log scale. The relationship 
is approximately linear on a log–log scale, indicating a power law 
dependence of the form 𝑇 ∝ 𝑁𝛼 , where 𝑇  denotes preprocessing time 
and 𝑁 the number of input points. A linear regression in the log–
log space gives 𝛼 = 0.94, with a high coefficient of determination, 
𝑅2 = 0.938. Thus, the preprocessing time scales approximately linearly 
with the number of points, although the exponent being slightly below 
one indicates marginally sublinear scaling over the range of point-
cloud sizes considered. From Fig.  10(b) we can also see that for small 
point counts the linear trend breaks down. This happens, because 
for small point counts the point loading, precomputation, and image 
creation steps are fast enough for the computational overhead from, 
for example, writing the images to disc to become significant. The time 
it takes to write the images to disc is not as significantly affected by 
the point count, as the other steps.

The fastest modality is the intensity model with the average total 
time being 3.64 s, followed by the black-and-white model. Third fastest 
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is the normal model, and the slowest is the depth model, by some 
margin. The preprocessing phase of the normal model is expectedly 
slower than those of the intensity and black-and-white models. This can 
be attributed, at least in some part, to the normal estimation, which 
is computationally demanding. The normal model is 0.74 s slower in 
total time, when compared to the intensity model. One explanation for 
the relative slowness of the depth projection implementation could be 
the median centring and uniform scaling. These normalisation steps are 
used by both Allen et al. (2022) and the DetailView method in Puliti 
et al. (2025b), but we suspect that they would not be necessary to 
obtain similar performance. Notably, the differences in total times are 
almost completely due to the differences in preprocessing times. The 
average inference times are all within 0.11 s of each other.

Since NormalView aggregates predictions from multiple projection 
views, we additionally investigate how the computational cost scales 
with the number of angles used. The time to it takes complete pipeline 
from tree point cloud to species prediction was evaluated using 1, 5, 
10, 25, and 50 projection angles per tree. For this experiment, we do 
not use the slice images, so only one image is created per angle.

Fig.  10(a) shows a clear increase in preprocessing and total runtime 
as the number of projection angles increases. The increase is approx-
imately linear over the tested range, although the increase in total 
runtime is somewhat less than proportional to the number of angles. 
As preprocessing constitutes the dominant part of the computational 
cost, the observed trend is primarily driven by the additional projection 
images that must be generated and written for each angle. In contrast, 
inference time changes comparatively little. This is due to the fact that 
images can be passed to the YOLO architecture in batches, and thus, 
the inference time increases comparatively slowly, at least in the tested 
range.

3.5. Further discussion

The results in Section 3.1, as well as Fig.  A.1, indicate that Nor-
malView is highly adept at classifying tree species from high-density 
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MLS data. Especially the confusion matrices A.1 show that NormalView 
achieves relatively strong performance on the minority species, rowan 
and lime, compared with the black-and-white and intensity-based rep-
resentations in this experiment. However, also the performance metrics 
of NormalView are lower on the minority species than on the majority 
species, likely due to the imbalances in the dataset. Compared to the 
model trained on black-and-white images, NormalView achieved a 4.1 
percentage points better MAA and 3.3 percentage points better MAF1, 
see Table  4. This indicates that if we only have geometric data on hand, 
the normal vector colouring improves classification performance. In 
particular, it seems that the normal vector colouring captures local in-
formation, which yields better classification performance compared to 
the black-and-white model, which uses only the silhouette information.

On the full ALS dataset, models using multiple intensity achieved 
the highest metric values. The model with all three intensity chan-
nels was a strong performer with the seven species and the nine 
species datasets. This is in accordance with the findings in Taher et al. 
(2026), where they found that especially low-density point cloud data 
benefits from multispectral information. On lower-density data, the 
importance of radiometric information becomes more significant, as 
the data is sparser, and the underlying geometry of the point cloud 
becomes inconsistent and more unreliable. The performance of the 
best models on the data is comparable to the best models of the 
benchmark conducted by Taher et al. (2026), where they achieved 
an OA (MAA) of 92.0% (85.1%) on a similar train–test split as here. 
Our best-performing model, the one with all three intensity channels, 
shows essentially equal performance. The corresponding metrics for 
NormalView are 91.8% (79.1%), which are worse, but not by a large 
margin. The key difference is that the best model in the benchmark 
utilised full radiometric data from all three scanners, while NormalView 
uses only geometric information. Images coloured by the normal vector 
estimations benefit from the tree point clouds having consistent and 
high-density trunks and branches, as this allows for smoothly varying 
and consistent normal vectors and hence smoother and bounded colour 
gradients. This likely explains the comparatively stronger performance 
of NormalView on MLS data, compared to ALS data. On the ALS dataset 
with the same seven species as in the MLS data, NormalView was not 
the strongest performer, unlike on the MLS data. The results on the 
MLS data suggest that especially in applications requiring high-density 
point clouds, such as exact inventory of natural forests, normal vector 
colouring is a promising representation.

There seems to be little performance difference between the mod-
els using ALS data and intensity information from a single channel. 
On the seven species subset, the model using channel 1 (VUX-1HA) 
achieved the highest performance metrics amongst the single channel 
models, while on the full nine species data set the model using channel 
2 (miniVUX-1DL) achieved the strongest results. Overall, the perfor-
mance results are similar and there seems to be little difference in 
which scanner is used. This suggests that using radiometric information 
with projection-based methods can be made viable on scanners with 
varying properties, such as the wavelength of the laser pulse.

We see from Fig.  7 that across the board the models perform the 
worst, by precision and F1, on oak, and, to a lesser degree, alder. These 
species are the two with the smallest representation in our dataset, 
and hence the least variety. In addition, the segments of the alders 
and oaks have some impurities, as suggested by Figure 5 in Taher 
et al. (2026). Alders tend to grow in groups, making segmentation more 
difficult. A significant portion of oak segments are only partial segments 
of the trees. The low performance on these species can probably at 
least partially be attributed to low sample counts and lower-quality 
segments. From the confusion matrices in Appendix  A we see that 
almost all models tend to systematically classify aspens as birches. 
Birches and aspens have rather similar silhouettes, which explains the 
errors. Similarly, rowans seem to get classified as maples and birches. 
Some examples of trees misclassified by the MLS models are shown in 
Fig.  11. It seems that poorly captured trees with lacklustre silhouettes 
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are prone to misclassification, such as the aspen and birch trees in Fig. 
11. This is not the only explanation for misclassification, as for example 
the spruce, lime, and maple trees in Fig.  11 are captured well by the 
scanner, and have full silhouettes. To enhance the performance of the 
models on species with similar silhouettes, one could, for example, 
include more detailed bark information, as is done in the DetailView 
method discussed by Puliti et al. (2025b).

The F1-scores for aspens are satisfactory across all data modalities 
and models. On the MLS data, the scores are around 80%, while be-
tween 83 and 87% for the ALS data and all nine species. This shows that 
we are able to map aspens reasonably consistently from both MLS and 
ALS data. The use of multispectral information improves the scores by 
a small margin, but the intensity-free NormalView and black-and-white 
models achieve F1 scores of 85% and 83% respectively, highlighting the 
capabilities of projection-based methods.

The black-and-white model is the worst performing model on MLS 
data, and among the worst performers on ALS data. On the MLS 
data and the nine species ALS data, it achieves an OA (MAA) of 
94.0% (90.7%) and 91.6% (79.5%) respectively. These results show 
that even using purely black-and-white orthographic projections allows 
us to classify tree species on a reasonably high level. This is further 
supported by the performance of the black-and-white model on the 
MLS + ALS data. The performance is due to the high capabilities in 
which modern image-based architectures, such as YOLO, are able to 
extract meaningful representations and features from the data. The 
image classification backbones used in previous studies of tree species 
classification seem to be, in general, slightly outdated, such as the VGG-
11 (Simonyan and Zisserman, 2015) used by Marinelli et al. (2022), or 
the DenseNet-201 (Iandola et al., 2014) used by the DetailView method 
in Puliti et al. (2025b).

The comparative experiments demonstrate that NormalView per-
forms competitively with both depth-based projection and a point-
based deep learning architecture on the MLS dataset. The close cor-
respondence between the depth and NormalView results indicates that 
depth and surface-normal representations provide similarly informative 
geometric cues for species classification. NormalView also was found 
to be computationally more efficient than the used depth projection 
method. The Point Transformer experiments provide complementary 
evidence for the usefulness of normal vectors. Adding normal vectors 
to point coordinates produced a larger improvement in the evaluation 
metrics than adding intensity information alone. Despite using a two-
dimensional projection representation, NormalView achieves higher 
performance than the evaluated Point Transformer configurations, in-
dicating that the projection process does not prevent the model from 
exploiting the geometric information required for accurate species clas-
sification. One benefit of the normal vectors compared to, for example 
depth, is that they can be used with point-based 3D-architectures, while 
depth needs an explicit viewing direction, which seems to make its 
generalisation to non-projective archetypes nontrivial. Another benefit, 
at least in the experiment setup used here, is that normal vectors 
do not require a per-tree calibration step, unlike the depth repre-
sentation used here, which median-centred and normalised the tree 
coordinates. This calibration likely also caused the depth projections 
to be computationally slower than the NormalView pipeline.

As mentioned previously, depth and normal information offer some-
what complementary geometric information. Namely, depth represents 
the relative position of the observed point cloud surface to the viewer, 
normal vectors encode local orientation and geometry. One possible 
approach could be to simply combine the normal vector and depth 
images into a single, 4-channel representation. These could be then 
used to train a convolutional network. Such a fusion remains a potential 
direction for future work.

An important finding of this study is that the relative advantages 
of the different projection methods depend on the acquisition modal-
ity. On dense MLS data, the model using normal vector information 
achieves the highest values across the reported metrics, demonstrating 
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Fig. 11. Examples of MLS-trees misclassified by at least one model. GT refers to ground truth, I, 𝑁 and W refer to the predictions given by the intensity, normal 
and black-and-white models respectively. Green indicates a correct prediction and red an incorrect one.
that local surface orientation contains useful information beyond point 
coordinates for species classification. On ALS data, however, multi-
spectral intensity information proves more beneficial, particularly for 
distinguishing minority species in the nine-species dataset. When both 
acquisition methods are combined into a single dataset, the perfor-
mance differences between the models largely disappears. This suggests 
that modality-specific variation limits the effectiveness of representa-
tions tailored to a single sensor type and highlights the importance of 
developing acquisition-invariant features for cross-platform tree species 
classification.

The ablation studies provide additional insight into the robust-
ness of the proposed approach. NormalView is found to be largely 
insensitive to the choice of the number of nearest neighbours used 
for normal estimation, suggesting that the method does not require 
extensive parameter tuning when applied to new datasets. Similarly, 
the relatively small performance degradation observed after substan-
tial point cloud downsampling indicates that the method primarily 
exploits larger-scale structural characteristics of trees rather than re-
lying on extremely dense point clouds. This is encouraging from a 
practical perspective, as the density of resulting point clouds may 
vary. Furthermore, the experiments demonstrate that slice images pro-
vide meaningful additional information for the intensity-based and 
geometry-based representations by exposing the internal branch and 
trunk structure, whereas silhouette-only images benefit less from the 
additional views. Together, these findings indicate that NormalView 
is not only accurate but also robust with respect to several practical 
factors encountered in real-world applications.

As seen in Section 3.4, using an appropriate image size can notice-
ably affect the predictive power of the networks. Using larger images 
allows for more detailed information, at the cost of longer training 
times and higher hardware requirements. Hence, it is critical that 
before training the models, we have some notion of the appropriate 
size into which to create the images. For images created into size 
1024 × 1024, one pixel size corresponds approximately to a square of 
size 1.64 cm×1.64 cm in the projective plane. In the preprocessing phase, 
we subsampled the point clouds to a spatial resolution of 2 cm, which 
is larger than the size of the pixels. As a result, there are many empty 
pixels, even at points where we would assume the tree to be visible. 
Certainly, as a general guideline, the resolution should be such that 
one pixel encompasses an area that is slightly larger than the spatial 
resolution of the underlying point cloud data. This is supported by our 
findings in Section 3.4, where the model with image size 512 was the 
best. For images of size 512 × 512, the pixel size is 3.28 cm × 3.28 cm, 
which is roughly one-and-a-half times larger than the spatial resolution 
of the densest parts of the point clouds. Fig.  9(b) shows that higher 
resolution images tend to have more empty pixels, which is, of course, 
expected. Convolutional neural networks (CNNs) are usually designed 
with the assumption that the input data will be dense (Graham et al., 
19 
2018). If the image size in the projections is large, the images will start 
to be rather sparse, in the sense that most of the image will be empty 
pixels, containing no information. At the very least, this will waste 
time and require more computational resources with little to no added 
performance benefit. In the worst case, empty pixels will negatively 
affect the model.

The computational efficiency experiments presented in Section 3.4 
provide context for the applicability of NormalView in real use-case sce-
narios. The total time to arrive at a species prediction from a tree point 
cloud is, on average, approximately 4.5 s. In real world applications, for 
example in a real-time forest segmentation and species classification 
pipeline, the total inference times remain practical. As was also seen, 
the total inference time can be reduced by reducing the amount of 
projection angles used, and as such, the proposed methodology offers 
flexibility. Increasing the amount of viewing angles beyond a certain 
point will provide diminishing results, as the projection images taken 
from different angles which are close to each other, provide essentially 
the same information.

3.6. Limitations

The datasets used in this study, while containing the most predom-
inant boreal tree species, are incomplete even for traditional Finnish 
ecosystems. Hence it is not applicable to use the models directly in 
practice. The training of the models also requires significant amounts 
of annotated data. Collecting and labelling training data for deep 
learning models is notoriously time-consuming and, as such, highlights 
the need for large multispecies datasets, such as the recently released 
FORspecies20k and the MS-ALS-SPECIES dataset (Puliti et al., 2025a; 
Hyyppä et al., 2025).

NormalView and the other models in this study were tested only 
on data gathered from a periurban ecosystem in Southern Finland. 
Thus, the generalisability of the proposed method, NormalView, to a 
different type of ecosystem, such as a tropical forest, warrants further 
study. Different forest types can exhibit considerably different charac-
teristics, for example different branching patterns, crown structures, 
and epiphytic vegetation. NormalView was designed to embed local 
geometry of the tree into the projection images, which should sup-
port its generalisation to trees with different structural characteristics. 
This does not guarantee equivalent performance in other environments 
however, as performance depends on a multitude of factors, such as 
point density, segment quality, occlusion, and scanning conditions. For 
example, in denser forest environments the point clouds can become 
noisier, and the tree point cloud segments can have more inconsistent 
trunk and branch information, which can degrade the performance of 
NormalView.

Furthermore, the used datasets are somewhat imbalanced when 
it comes to the species counts. While macro-averaged metrics were 
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reported for each model, no explicit strategies were used to mitigate the 
species imbalance. The comparatively lower performance of practically 
every model on the minority species shows that the models do not 
learn the representations for the minority species as efficiently as for 
the majority species. Thus, further research is required to mitigate this 
issue. Some methods which could be used to address data imbalance 
are: adding data augmentations in the training phase in proportion to 
the rarity of the class in the dataset, as is done by the FBK-PointNet++-
DL-3D -method in Taher et al. (2026), creating synthetic data from the 
minority species at the cost of more computation and longer training 
times, and using a weighted loss function which penalises misclas-
sifications on minority classes more severely, such as the weighted 
cross-entropy, which was used by a Point Transformer model obtaining 
the best MAA in the benchmark by Taher et al. (2026). Using a 
weighted loss function can have the side effect of lowering overall accu-
racy, as it may in turn hinder the performance on the majority species. 
It should be noted that species imbalance is not necessarily undesirable 
as such, if the distribution in the dataset reflects the distribution in the 
application domain, as the classifier then can learn this distribution, 
but if the amount of training samples of the minority classes is small, 
then the combination of skewed data and a small amount of training 
samples does hinder classifier performance (López et al., 2013). The 
aforementioned weaker performance on the minority species suggests 
that this is possibly the case here.

In the MLS data, the segment quality is extremely high. Our em-
pirical experience is that better segment quality improves classification 
performance. For real world applications, the segment quality might 
be significantly lower, and the accuracy of the models may suffer 
from these inaccuracies. The effect of segment quality on tree species 
classification warrants further study.

Due to the computational cost of training the models, each model 
was trained and tested using only a single training run. Thus, the vari-
ability between runs arising from the stochastic nature of the training 
phase is not accounted for. Since each model was trained only once, 
small differences in performance should be interpreted cautiously, 
moreso descriptive of performance, than as giving an absolute statis-
tical ranking of the models. All experiments in this study use a fixed 
tree-level train–test split. This design ensures that the comparisons 
between representations and experimental conditions are performed 
under identical data partitions, but it does not allow us to quantify 
variability due to the random initialisation of the network or the choice 
of train–test partition. We note that in a study with similar data as 
here, Hyyppä et al. (2026) investigated the variability in performance 
of a species classifier arising from the test set by bootstrapping it with 
replacement 2000 times and reporting 95% confidence intervals for 
the performance metrics. They observed that the selection of the test 
set causes relatively little variability in the performance of the model. 
This does not account for the variability inherent to the training phase, 
but it does provide some context for the stability of experiments based 
on a single test set. Nevertheless, repeated experiments using different 
random seeds and, ideally, cross-validation would provide confidence 
intervals for the reported metrics and constitute an important direction 
for future work.

4. Conclusions

In this study, we presented NormalView, a projection-based
intensity-independent tree species classification method designed for 
classification from MLS or high-density ALS data. The method embeds 
local geometric information of tree point clouds into projection images 
via colour. The colour values are derived from normal vector estimates 
of the points.

We compared our projection-based method with other models
trained on projection images using intensity information, black-and-
white projection images, and depth-based projection images, as well 
20 
as the point-based Point Transformer model. We found that on high-
density seven species MLS data our NormalView achieves the high-
est performance metrics compared to the other evaluated methods, 
with the overall accuracy (macro-average accuracy) reaching 95.5% 
(94.8%). The strong performance on dense MLS data, together with the 
robustness observed in the ablation studies, suggests that NormalView 
is particularly well suited for forestry related point cloud processing 
pipelines with high-density data.

For high-density helicopter ALS data, we found that our method 
achieves comparable performance with methods using intensity infor-
mation. However, the best model on the ALS data was the one using 
intensity information from three channels of the multispectral ALS. 
It achieved an overall (macro-average) accuracy of 92.5% (84.9%) 
on the full dataset with nine species. These results are on par with 
the best models in Taher et al. (2026), showing that projection-based 
methods using strong CNN-backbones can achieve performance com-
parable to that of state-of-the-art 3D models. The experiments in-
dicate that geometry-based representations perform particularly well 
on dense point clouds, while multispectral radiometric information 
remains beneficial for more challenging low-density airborne datasets.

Our tests show that using multispectral data, i.e. combining radio-
metric information from multiple scanners, improves the prediction 
ability of projection-based models. The benefits are best seen for species 
belonging to minority classes. We also inspected the effect of image size 
on model performance, and found that using larger images is beneficial 
up to a certain point, enhancing the accuracy of the model. For the 
high-density MLS data we found that image size 512 × 512 produces 
the best results.
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Fig. A.1. Normalised MLS confusion matrices.
Fig. A.2. Normalised confusion matrices (ALS, 7 species).
Appendix A. Confusion matrices

Figs.  A.1 to A.4 present the normalised confusion matrices for the 
trained models.
21 
Appendix B. Point transformer results with constant point count

Table  B.1 present the results of the Point Transformer model on MLS 
data, when the tree segments are uniformly downsampled to contain 
8192 points before being passed to the model.
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Fig. A.3. Normalised confusion matrices (ALS, 9 species).
Fig. A.4. Normalised confusion matrices (MLS + ALS, 9 species).
We see that when using a constant point count for the input seg-
ments, the Point Transformer performs worse than the version using a 
constant point density, when all three input features (point coordinates, 
intensity, normal vectors) or point coordinates and normal vectors are 
used. With point coordinates and intensity, the performance is rather 
similar, and with only point coordinates, the one using constant point 
count achieves higher metrics. Overall, the highest performance metrics 
22 
by Point Transformer are obtained by downsampling to a constant point 
density and using all three input features.

Data availability

Data available at: https://zenodo.org/records/21039101.

https://zenodo.org/records/21039101
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Table B.1
Performance metrics of Point Transformer using point clouds downsampled to a constant point count on MLS data. XYZ refers 
to the coordinate values of the points, I to intensity, and N to normal vectors. Bolded values indicate the best performance in 
each metric, and values in parentheses indicate the difference relative to the NormalView model trained on the full-density MLS 
dataset (Table  4).
 Type OA (%) MAA (%) MAF1 (%) K (%)  
 XYZ 79.6 (−15.9) 72.8 (−22.0) 71.1 (−22.0) 73.8 (−20.4) 
 XYZ + I 87.7 (−7.8) 77.3 (−17.3) 79.5 (−13.6) 84.1 (−10.1) 
 XYZ + N 85.3 (−10.2) 72.4 (−22.4) 74.6 (−18.5) 80.9 (−13.3) 
 XYZ + I + N 92.2 (−3.3) 87.5 (−7.3) 87.6 (−5.5) 90.0 (−4.2)  
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