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Accurate tree species mapping is essential for effective forest management but is often constrained by manual,
labour-intensive workflows that limit scalability. While airborne laser scanning (ALS) supports large-scale forest
attribute prediction, species classification remains difficult in complex, multi-species forests. To address this, we
propose an automated, data-driven dual-stream deep learning framework that integrates ALS data with point-
cloud metrics to identify individual tree species. Our framework incorporates an automated approach to indi-
vidual tree segmentation and species labelling using existing forest inventory and field data, resulting in a dataset
of 16,269 labelled individual tree point-clouds of four species across a 630,000 ha boreal mixed species forest in
Ontario, Canada. Our dual-stream deep learning model integrates a Point Extractor to generate feature repre-
sentations from raw ALS point-clouds and a complementary Metrics Network to process the point-cloud metrics.
Results, based on the split test set of 2441 trees, showed that the inclusion of the Metrics Network improved tree
species classification accuracy by approximately 11 % compared to models that rely solely on the Point Extractor.
A weighted Fl-score of 0.70 and area under the receiver operating characteristic curve of 0.88 was achieved
using this dual-stream approach, along with enhanced predictive probabilities for all species thus improving the
reliability of the predicted results. This approach reduces the manual processing bottleneck of individual tree
segmentation and labelling and demonstrates the value of combining raw point-clouds and point-cloud metrics
into a deep learning framework, offering a scalable and operational solution for reliable species predictions.

1. Introduction

Traditionally, tree species information is recorded as leading species and
the percentage of presence in the polygon, often determined by quan-

A spatially explicit inventory of individual tree species is a vital
resource for understanding and managing ecosystem services, including
habitat (Prasad et al., 2020), carbon storage (Mohren et al., 2012),
nutrient cycling, timber production (Rahlf et al., 2021), recreation, and
cultural practices (Benner et al., 2021). Knowledge of the species and
location of individual trees supports more effective forest stand man-
agement and silvicultural prescriptions, promoting sustainable forest
management (Pretzsch et al., 2021).

Conventional forest inventories are spatial polygon-based products
that incorporate a two-phase approach with manual aerial photo inter-
pretation and stratified ground sampling (Leckie & Gillis, 1995).
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titative criteria, such as basal area. As such, the relative proportion of
each species within the stand is known, also referred to as tree species
composition. This allows identification of dominant and co-dominant
species in a stand but lacks individual tree level detail. The accuracy
of manually interpreted species identification is generally low
(Magnussen & Russo, 2012; Thompson et al., 2007) or unassessed
(Tompalski et al., 2021). Forest inventory polygons range in size, with
the average stand size in Canada of 11 ha (White et al., 2025) with
conventional inventories offering limited individual tree level species
information required for some operational management practices.
Active and passive remote sensing technologies have shown promise
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for tree species prediction (Hermosilla et al., 2022; Queinnec et al.,
2022). Airborne laser scanning (ALS) offers improved vertical profiling
capabilities compared to passive sensors, capturing three-dimensional
structural information that can contribute to accurate tree species pre-
diction (Blomley et al., 2017; @rka et al., 2012; Qian et al., 2023). ALS
can be acquired efficiently over vast forested landscapes, providing
critical data for enhanced forest inventories (EFI; White et al., 2025).
EFIs typically follow an area-based approach (ABA; Nezsset, 2002) and
often have limited information on species (White et al., 2025). However,
White et al. (2025) identified that integrating individual-tree based
approaches into EFIs would enable targeted management practices for
specific silvicultural requirements. Additionally, this information would
allow for the accurate quantification of species abundance within a
given area. Statistical point-cloud metrics commonly used in EFIs could
highlight key structural and intensity-based characteristics relevant to
species differentiation, leading to high prediction accuracies (Lin &
Hyyppa, 2016; Vahrenhold et al., 2025; Z. Zhang et al., 2024).

With airborne laser scanning (ALS) becoming standard in opera-
tional forest inventories, point-based deep learning (DL) models have
gained research interest for predicting forest attributes such as tree
species (J. Chen et al., 2021; Hell et al., 2022; Liu et al., 2022a; Puliti
et al., 2025). These models learn features from the spatial distributions
of irregularly structured point-clouds and are able to capture species-
specific patterns (Murray et al., 2024). Different architectures empha-
size distinct patterns in the data, providing complementary views on the
same input (C. Chen et al., 2024; D. Li et al., 2024; H. Zhang et al., 2023),
which is particularly valuable for species classification, as they may
identify different structural traits (e.g., canopy density, branching pat-
terns). However, their performance is constrained by data quality, such
as point density and noise levels, and can be limited by computational
demands. Furthermore, there is often architectural and feature expan-
sion variability which complicates direct comparisons.

Multimodal DL approaches improve performance by combining
multiple data inputs or model outputs (Lahat et al., 2015; Ngiam et al.,
2011). By merging learned features from different models, multimodal
approaches have proven effective in remote sensing applications (Hong
et al.,, 2021; B. Liu et al., 2023). A multimodal model combining
different point-based approaches or integrating raw point-clouds with
summary metrics can offer complementary insights, as explicitly
including metrics may benefit learning, especially with limited data or
model capacity.

A critical requirement for DL-based species prediction is a large,
accurately labelled dataset, allowing for effective feature representa-
tions to be extracted. Diverse, well-annotated samples enhance model
generalization, reduce overfitting, and improve performance (Barbedo,
2021). Many tree species classification studies rely on manual tree
crown segmentation or species labelling (Briechle et al., 2021; Hell et al.,
2022; Puliti et al., 2025), creating a bottleneck that limits dataset size
and scalability. Automating detection, segmentation, and labelling
would streamline data processing and enable large-scale, operational
deployment.

The overall objective of this study is to develop an automated, data-
driven dual-stream DL approach, one stream processing raw ALS point-
clouds and the other stream processing derived point-cloud metrics, to
identify and predict individual tree species within a complex, managed
boreal forest. To achieve this objective, we explored three research
questions:

1. How can an ALS-based automated individual tree segmentation
approach be used to generate a comprehensive dataset of individual
tree point-clouds with associated tree species labels for subsequent
use in a dual-stream DL approach?

The use of automated, data-driven tree crown segmentation ap-
proaches for ALS point-clouds (Jing et al., 2012) enable the generation
of large quantities of segmented point-clouds for use in DL models.
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However, a key challenge with these approaches is that crown seg-
mentation itself does not assign species labels, and must be added in a
separate step through manual annotation or classification algorithms
(Dalponte et al., 2019). By leveraging existing forest inventory and field
data, we aim to develop an approach that not only segments individual
tree point-clouds but also assigns the corresponding species labels.

2. How do various point-based DL networks, and a combination of
them, learn to extract different feature representations that are
important for tree species prediction?

Point-based DL models leverage specialized layers to extract feature
representations from point-clouds by capturing point-wise relationships
and local geometric structures (Wang et al., 2019; Zhao et al., 2021).
Through the adoption of a modular design to integrate various layers
without altering the overall architecture, we aim to enable a fair and
consistent evaluation of the layers for tree species classification.

3. How can statistical summary metrics derived from individual tree
point-clouds be combined with features learned by a point-based DL
model to improve tree species identification?

Point-based DL models can learn features directly from raw point-
clouds for tree species classification (Murray et al., 2024), but may not
fully capture aggregated or contextual information, especially when
provided with limited data or noise associated with errors in the indi-
vidual tree segmentation. Integrating summary point-cloud metrics
provides complementary features that may not be captured by point-
based DL (Kada & Kuramin, 2021; Lei et al., 2020). By combining fea-
tures from ALS point-clouds and derived metrics, we aim to enhance
input representation and predictive performance in a practical, context-
aware manner.

2. Data and methods
2.1. Study area

The Romeo Malette Forest (RMF; Fig. 1) is a 630,000 ha managed
forest located in Ontario, Canada on Treaty 9 territory (also known as
the James Bay Treaty). The RMF is located on the traditional lands of the
Ojibway, Cree, Anisininew, and the Métis Nation of Ontario. It is part of
the Boreal Shield Ecozone and has a forested area of 582,430 ha, which
has undergone disturbances including pest infestations (e.g., spruce
budworm) and wildfire events that have affected the forest landscape.
Four of the most abundant tree species within the RMF are black spruce
(Picea mariana), jack pine (Pinus banksiana), trembling aspen (Populus
tremuloides), and paper birch (Betula papyrifera). The production of
timber and fibre procurement are the main forest products managed in
the RMF (Queinnec et al., 2022).

2.2. Datasets

2.2.1. Single-photon lidar

Single-photon lidar (SPL) ALS data was acquired across the RMF in
June and July of 2018 (OMNRF, 2019) using a Leica SPL100 instrument
(Leica, 2024), which emits a 10 x 10 array of green (A = 532 nm)
beamlets (Mandlburger et al., 2019) and has been used in many forestry
studies (Irwin et al., 2021; Murray et al., 2024; Queinnec et al., 2022).
Flights were conducted at a 3800 m altitude, yielding a return density of
40 points/m? after processing per Gluckman (2016). Point-clouds were
height-normalised using a triangular irregular network of ground clas-
sified returns, and returns below 2 m were removed, minimizing the
influence of non-tree vegetation.

2.2.2. Generation of labelled individual tree point-clouds
A dataset of labelled individual tree point-clouds was generated
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Fig. 1. Romeo Malette Forest (RMF) located in Ontario, Canada, shown with a true-colour composite. The RMF is shown within the Canadian Boreal forest and is
outlined in cyan. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

using an automated individual tree detection (ITD), segmentation, and
labelling workflow. This dataset generation process required no manual
intervention from the ITD to the assignment of species labels, reducing
the bottleneck of manual approaches. Field data from 53 circular plots
(11.28 m radius or 400 m?) were stem mapped and included tree species,
height, diameter at breast height, and plot coordinates obtained from a
EOS Arrow 100 GPS receiver (Queinnec et al., 2022). To supplement this
dataset, pseudo-plots (11.28 m radius) were randomly generated within
the forest resources inventory (FRI) polygons of the RMF (OMNREF,
1996, 2001) that were larger than 10,000 m?, with 100 % single-species
composition. The pseudo-plots were at least 50 m from polygon edges,
reducing any edge effects of neighbouring forest stands. The FRI data is
updated when changes occur, ensuring that the stand information used
for the pseudo-plots is aligned with the ALS data. Additionally, any
pseudo-plots that were identified as disturbed by harvest or fire through
the National Terrestrial Ecosystem Monitoring System (Hermosilla et al.,
2016) as early as 2005 were not included.

Point-clouds were then extracted from both sets of plots followed by
ITD using a local maximum filter algorithm on a 25 cm resolution can-
opy height model (Popescu & Wynne, 2004; Queinnec et al., 2022). The
detected trees were then used in the watershed segmentation algorithm
(Van Der Walt et al., 2014), which was applied to the canopy height
model. Point-clouds were then extracted to each segment’s boundary.
This approach was chosen for its simplicity, computational efficiency,
and because it does not require manual segmentation of the point-
clouds, which is beneficial for large areas like the RMF.

For the field plots, only trees from the ITD process within 5 m

horizontally and 3 m in height of the stem-mapped trees were retained
and labelled with the corresponding species. We worked under the
assumption that every tree within pure stand pseudo-plots belongs to a
single species and was considered a valid sample and labelled with that
species. These steps (ITD, segmentation, and labelling) were integrated
into a streamlined pipeline, enabling the automated generation of
labelled individual tree point-clouds without manual processing.
Segmented point-clouds with < 100 returns were discarded. Finally,
classes with < 50 samples were removed to ensure a sufficient repre-
sentation of each species, leaving four species: black spruce, jack pine,
paper birch, and trembling aspen. Remaining samples were split into
training, validation, and test sets (70:15:15) using a stratified random
sampling approach to ensure balanced species representation. To ensure
the samples were spatially disjoint, the dataset was split such that in-
dividual trees from the same field plot or pseudo-plot were assigned
exclusively to either the training, validation, or test set. This provides a
more realistic estimate for model generalization.

2.2.3. Statistical point-cloud metrics

Metrics related to crown height, size, and complexity, as well as
signal attenuation depth and intensity, were derived for each segmented
point-cloud (Grubinger et al., 2023; Queinnec et al., 2022). These
metrics were selected to represent vertical distribution (e.g., Zq25, Zskew),
canopy geometry (e.g., Rumple, Volume), and radiometric variation (e.
8-> Imax, Istd) of the trees. While SPL intensity differs from linear-mode
lidar, it may help discriminate between needleleaf and broadleaf spe-
cies (Raty et al., 2022). To ensure low co-linearity, variance inflation
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factors (VIF; Perktold et al., 2024) were computed iteratively, removing
the metric with the highest value until all values were below 10. Final
metrics are listed in Table 1.

2.3. Model architecture

We employ a dual-stream architecture using both segmented raw
point-clouds and derived point-cloud metrics (Table 1). The Point
Extractor is a modular network allowing for different point-based net-
works to be incorporated to process the raw point-cloud to extract
geometric and spatial feature representations. The Metrics Network
encodes inter-metric dependences based on the point-cloud metrics.
Outputs from both streams, each providing 320 feature representations,
are concatenated and passed to a final classifier for tree species
prediction.

2.3.1. Point-based stream

The Point Extractor ingests segmented tree point-clouds and incre-
mentally transforms them into higher dimensional features (Fig. 2).
These features are learnt representations providing information about
the local geometry and contextual relationships across the ALS returns.
Based on the dynamic graph convolutional neural network (DGCNN)
framework (Wang et al., 2019), it applies a series of point-based layers,
with layer outputs aggregated using global max pooling to yield a fixed-
size global representation, which will feed into the feature fusion and
classification module downstream. The key difference is its modular
design enabling different point-based layers to be used without changing
the overall architectural flow or feature expansion structure, allowing a
direct comparison of different layers.

Three different point-based feature extraction layers were tested to
better understand how variations in the feature representation affect the
modeling of point-cloud data. First, EdgeConv (Wang et al., 2019) learns
edge features through graph-based convolutions. Second, Point Trans-
former (Zhao et al., 2021), uses attention with positional encoding to
dynamically weight features spatially. Finally, a multi-branched fusion
layer is tested, which is a parallel ensemble of EdgeConv and Point
Transformer, providing diverse perspectives on the point-cloud (Hong
et al., 2021; Polikar, 2006).

2.3.2. Metrics-based stream

The Metrics Network (Fig. 3) processes the point-cloud metrics to
learn informative features for predicting tree species. Inspired by TabNet
(Arik & Pfister, 2020), this stream splits learned features into attention
and decision branches, with each step applying two rounds of linear
layers, batch normalisation, and gated linear units (GLUs) to selectively
control information flow. It uses an internal guide, which is a running

Table 1

Description of the point-cloud metrics used.
Metric Description
Npoints Total number of returns
Zg2s 25th percentile of return heights
Zskew Skewness of return heights
Zyurt Kurtosis of return heights
Zentropy Evenness of the distribution of return heights (Shannon diversity index)
Depthgas 25th percentile of signal attenuation depth of returns
Depthgso 50th percentile of signal attenuation depth of returns
Depthyys  75th percentile of signal attenuation depth of returns

Area Area of the 2D convex hull of returns

Volume Volume of the 3D convex hull of returns

Rumple Ratio of canopy surface area to projected area

Imax Max intensity of returns

) Standard deviation of intensity of returns

Igs0 50th percentile of return intensity

ApeXmean Mean of the angles (degrees) from the highest return (apex) to all other
returns

Apexgq Standard deviation of the angles (degrees) from the highest return (apex)

to all other returns
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Fig. 3. Metrics Network architecture, outputting both decision features and
attention features.

product of previous attention masks, that is iteratively updated at each
step to regulate feature reuse. Instead of feeding attention masks directly
into the decision branch, the internal guide modulates each new mask by
scaling it with the cumulative influence of past masks, effectively
discouraging the model from repeatedly attending the same features.
This mechanism promotes a more diverse feature selection across de-
cision steps, improving generalization and interpretability through
learned feature importance weights. The decision outputs from each step
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are concatenated to form the final feature representation that will be
joined with the point-based features downstream. These aggregated
representations capture both shared and step-specific information,
enabling the model to learn complex patterns about the input metrics.

2.3.3. Feature fusion and classification

Features from both streams are concatenated and passed into a
feedforward classifier with three sequential linear layers, rectified linear
unit (ReLU) activations, and 50 % dropout to mitigate overfitting. The
final softmax layer outputs a predictive probabilities vector, indicating
the predicted tree species and associated confidence. This fused
approach leverages both spatial structure and statistical properties of the
point-cloud, enhancing model accuracy and generalization across tree
species.

2.3.4. Loss function

We trained our model using a composite loss function that combines
weighed cross-entropy for class predictions and centre loss for discrim-
inative feature learning. This loss encourages accurate classification,
compact intra-class feature clustering, while handling class imbalance.
The composite loss is defined as:

1
L =L+ 5 (Lf:)t;)nter + Lg’:gter )

where L¢g is the weighted cross-entropy loss and Lg’;}m and Lgﬂter are the
center loss for the point-based and metric-based features, respectively.
The weighted cross-entropy is defined as:

1 exp(ziy,
Leg = NZZ] —wy,log (ZCP(‘Y)>

j-1€XP (2i))

where wy, is the class-specific weight for true class y;.

The centre loss (Wen et al., 2016) penalizes the distance between
feature embeddings f; and class centres cy,:

Here, z;,, is the logit corresponding to the true class y; for sample i.
The centre loss, first introduced by Wen et al. (2016), encourages feature
embeddings f; to be close to their corresponding class centres cy,. With a
scaling factor A (set to 0.0001) to ensure a similar scale to the cross-
entropy loss it is computed as:

A N
Leenter = j\[Zizl m —Cy ‘2

This composite loss improves robustness and class separability, espe-
cially in imbalanced datasets.

2.4. Computing resources and model hyperparameters

All models were implemented using the PyTorch library (Version
2.5.1; Paszke et al., 2019) and trained on a 24 GB NVIDIA RTX A5000
GPU and 128 GB of RAM. The number of trainable parameters for each
model is listed in Table 2. The batch size for each model was set to 12,
and training was conducted for a maximum of 300 epochs. Early stop-
ping was employed, stopping training if no improvements in the vali-
dation loss were observed for 20 consecutive epochs. The model weights
and biases corresponding to the epoch with the lowest validation loss

Table 2

Number of trainable parameters of each model.
Model Trainable Parameters
EdgeConv 166,020
Point Transformer 262,468
Multi-Branch 361,732
EdgeConv + Metrics Network 640,020
Point Transformer + Metrics Network 736,468
Multi-Branch + Metrics Network 835,732
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were saved and subsequently used on the testing dataset. We used the
Adam optimizer with an initial learning rate (LR) of 0.001. A scheduler
reduced the LR by 0.5 after three consecutive epochs without loss
improvement, continuing until it reached 0.000012. At this point, a
cosine annealing schedule (Loshchilov & Hutter, 2017) was applied,
decaying the LR to 0.000008 over a 10-epoch cycle, with each subse-
quent cycle doubling in length. This adaptive strategy helps prevent
premature convergence and improves generalization (Goodfellow et al.,
2017). A visualisation of the training and validation losses for each
model can be seen in Fig. S1.

2.5. Experiments and model assessment

To evaluate how different point-based DL architectures affect species
prediction, we conducted an ablation study using various Point
Extractor layers (Fig. 4). All models were trained and evaluated under
identical conditions, using the same datasets, resources, and hyper-
parameters. Performance was assessed on a shared test set using overall
accuracy, weighted Fl-score, precision, recall, and area under the
receiver operating characteristics curve (ROC AUC). We also compared
pre-species accuracies and predictive probabilities across models. To
examine the influence of the point-cloud metrics, we trained three
additional models (one per Point Extractor layer) without the Metrics
Network (Fig. 4b), adjusting the centre loss accordingly. Finally, we
analyzed metric importance by comparing attention-derived rankings
across models to understand how feature relevance varied with different
Point Extractor layers.

3. Results
3.1. Segmented and labelled individual tree point-clouds

The process of segmenting and labelling individual tree point-clouds
resulted in a total of 16,269 samples being generated (Table 3), with
11,388 for training, 2440 for validation, and 2441 for testing. 937 of
those samples were extracted from the stem-mapped plots and 15,332
from the pseudo-plots. A majority of these samples were identified as
either black spruce or jack pine with 6178 and 6001 segmented trees
respectively, while trembling aspen and paper birch had fewer
segmented trees with 3271 and 819 samples respectively. The mean
number of returns per tree was highest for trembling aspen (922) and
paper birch (839), followed by black spruce (635) and jack pine (633).

3.2. Ablation study evaluation

Evaluation scores for each of the trained models on the test dataset
are presented in Table 4. In all cases, the inclusion of the Metrics
Network in the dual-stream model improved evaluation scores. For
example, the model using the EdgeConv layer had the lowest value
across all scores when trained with the Point Extractor alone; however,
with the addition of the Metrics Network, the model achieved the
highest scores among all configurations. All model configurations that
incorporated the Metrics Network had similar performance outcomes.

3.3. Per-species evaluation

Confusion matrices showing the classification percentages of the
species samples for each trained model on the testing dataset are shown
in Fig. 5. Overall, the inclusion of the Metrics Network stream led to an
increase in the proportion of correctly classified samples for all tree
species. The only exception was observed with the EdgeConv Point
Extractor layer, where the proportion of correctly classified trembling
aspen samples decreased from 56.12 % to 39.39 % when the Metrics
Network was added. The two needleleaf species (jack pine and black
spruce) showed higher classification accuracy, with correctly identified
proportions ranging from 74 % to 80 %, while the broadleaf species



B.A. Murray et al.

International Journal of Applied Earth Observation and Geoinformation 144 (2025) 104877

a) b)
Point Cloud f > Metrics Point Cloud
Point Extractor Point Extractor
r 7 1] Y r v v N
I | R I I
Point . Point
| | Edgeconv | multi Branch | | | Metrics Network | | | Edgeconv | multi Branch | |
Transformer Transformer
I le _ I I
C— 41— 0 | _ = L J C - 40— 0 | —  _
\ \
»-| Classification | »-| Classification |

Fig. 4. Model configurations used in the ablation study to examine how different point-based layers impacted species estimation with (a)) and without (b)) the

Metrics Network.

Table 3
Number of individual tree samples per species from the stem-mapped and pure
stands.

Species Stem Mapped Pure Stand Mean Number of
Samples Samples Returns
Black Spruce 308 5870 635
Jack Pine 205 5796 633
Paper Birch 173 646 839
Trembling 251 3020 922
Aspen
Table 4
Evaluation scores for the different model configurations.
Model Overall F1- Precision  Recall ROC
Accuracy Score AUC
EdgeConv 0.55 0.54 0.56 0.55 0.74
Point Transformer 0.61 0.62 0.64 0.61 0.80
Multi-Branch 0.58 0.59 0.59 0.59 0.76
EdgeConv + Metrics 0.69 0.70 0.73 0.69 0.88
Network
Point Transformer + 0.69 0.70 0.73 0.69 0.87
Metrics Network
Multi-Branch + 0.69 0.69 0.72 0.69 0.86

Metrics Network

(paper birch and trembling aspen) had lower accuracy, ranging from 39
% to 57 %.

Fig. 6 shows an example point-cloud for the four tree species and the
predictive probabilities produced by each model. The predictive prob-
abilities for all species improved when the Metrics Network stream was
incorporated during the training. Overall, the needleleaf species
exhibited the highest predictive probabilities, except when the Edge-
Conv layer was used in the Point Extractor; in that case, the broadleaf
species consistently showed higher probabilities. The paper birch
example had the lowest predictive probability when the Metrics
Network stream was included, whereas trembling aspen example
showed the lowest probability when it was not included.

Fig. 7 presents ROC curves, which plot the true positive rate against

the false positive rate, showing how effectively each trained model
distinguishes a given species from all others. Models incorporating the
Metrics Network stream achieved higher AUCs for every species
compared to those without it, with black spruce demonstrating excellent
discrimination (AUC > 0.90). The largest improvement in AUC was
observed when EdgeConv was used in the Point Extractor, particularly
for black spruce.

The calibration plots in Fig. 8 illustrate the relationship between a
models’ mean predicted probabilities for each species and the actual
observed species labels (fraction of positives). The closer a curve is to the
perfect calibration line (grey dashed line), the more accurate the model
predicts that species. Curves above or below this line indicate an over-
prediction or underprediction, respectively. The Multi-Branch Point
Extractor layer with the Metrics Network exhibited the most consistent
calibration, as it more closely followed the perfect calibration line
compared to the other models. Notably, paper birch consistently showed
lower predicted probabilities across all models, resulting in a tendency
toward underprediction, while the other species typically exhibited
overprediction. Fig. 8 indicates that the addition of the Metrics Network
enhances model performance without causing overfitting.

3.4. Metrics Network feature attention

Fig. 9 shows a heatmap of the ranked feature attention weights for
the metrics used to train the three models which incorporated the
Metrics Network. Zskew, Npoints, and Igso consistently showed greater
feature attention across all the models, achieving the highest overall
ranks. Volume and Depthgzs continuously had low feature attention
across all Point Extractor layers, ranking 15th and 12th overall,
respectively. Interestingly, Zenwopy and Depthgys had lower feature
attention ranks when the EdgeConv and Point Transformer layers were
used individually but demonstrated high feature attention ranks when
combined in the Multi-Branch layer.

4. Discussion

We identified individual tree species from ALS data using an auto-
mated, dual-stream DL approach. First, we developed a method to



B.A. Murray et al.

Point Extractor

True Label

Paper Jack Trembling Black
Birch Pine Aspen  Spruce
I I I I

0.00 0.00 0.00 0.00

Paper
Birch
1

> 2 %0
§ 8 5f
O 8 oc
o o c£9
T ©T 5%
w o e<
o o
|_
x O
[S &)
L 5- 894 10.96 .87
)
True Label
Paper Jack  Trembling Black
Birch Pine Aspen  Spruce
1 1 1
85
o=- 29.27 6.58 6.33
S m
2
©
s £ 82 69.30 | 25.10
""7, 1 -0
= 5 =a
£ B g2
£ - F
$8
c‘_gg 17.65 13.67
%)
True Label
Paper Jack Trembling Black
Birch Pine Aspen  Spruce
1 [} 1 1
86
o=- 1220 2.74 8.37 3.06
Sm
<
S g g2 68.86 = 33.67
% a -0
= 5
0 2 5c
S 558
©
= g §5°
|_
x QO
[S &)
oy 31.71 24.01 20.61 66.16
“3

International Journal of Applied Earth Observation and Geoinformation 144 (2025) 104877

Point Extractor + Metrics Network

True Label

Paper Jack Trembling Black
Birch Pine Aspen  Spruce
| I

6.25 9.93

Paper
Birch

©
£ 52 7982 2531 (882
a1 -Ho
o
9 oC
S £g
B £2- 569 6.03 39.39 1.86
o g
|_
38
o= 2114 7.89 11.63
mao
7]
True Label
Paper Jack Trembling Black
Birch Pine Aspen  Spruce
1 1 1
g5
o=- 5041 5.48 8.84
m
o
©
2 88 7489 2245 A0
1 H0o
©
Q oC
s £g
B 2%2- 894 603 4612 120
o o
'_
X O
83 1360 1163
m g
a
True Label
Paper Jack  Trembling Black
Birch Pine Aspen  Spruce
1 1 1
86
ac=- 4715 3.62 .05
m
o
©
2 52 78.84 | 23.06 144
1 -0
e
9 oCc
S 22
g 22- 650 6.36 42.04 2.07
o o
|_
X O
33 ERERSI06N 75.44
“3

Fig. 5. Confusion matrices showing the classification percentages of species-specific test samples from the trained models of the different Point Extractor layers, with
and without the Metrics Network. The darker tones represent higher values of correctly (blue) or incorrectly (red) classified samples; while lighter tones represent

lower values.

generate a dataset of 16,269 labelled and segmented individual tree
point-clouds using both field and inventory data (Table 3), addressing
the challenge of acquiring large training datasets for DL. Second, to
determine how various point-based DL layers affect species prediction,
we designed the Point Extractor to maintain a consistent architecture
while supporting interchangeable point-based DL layers. This enabled

fair comparisons between EdgeConv, Point Transformer, and the fused
multi-branch layer, identifying layer-specific performance differences.
We found that the Point Transformer outperformed other layers in the
evaluation scores when used alone, while EdgeConv performed best
when combined with the Metrics Network (Table 4). To discern the
contribution of point-cloud metrics, we built a dual-stream model
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Fig. 7. Receiver operating characteristic curves for each species with associated area under the curve from the trained models using the different Point Extractor
layers with and without the Metrics Network.

combining the raw point-cloud and derived metrics, processed through (Fig. 6, Fig. 8).
Point Extractor and Metrics Network, respectively. Integrating both
streams improved tree species prediction accuracy by an average of 11
% (Table 4) and enhanced predictive probability across all four species



B.A. Murray et al.

Point Extractor

—@— Paper Birch

—8— Jack Pine

—— Trembling Aspen
—&— Black Spruce
Perfect Calibration

0.4 0.6 0.8 1.0

Mean Predicted Probability

—8— Paper Birch

—&— Jack Pine

—e— Trembling Aspen
—o— Black Spruce

—=- Perfect Calibration

T T

0.4 0.6 0.8 1.0

Mean Predicted Probability

1.0
0.81
¢

> >

2
S 06
O 0
o b
= 5
O %4

©

&

0.2
0.0
1.0
o 0.81
)
= ®

>
S5
O 5061
8 o

.

o
=
E .80.4-
i — ©
O &
o

0.2
0.01
1.01
0.81
5 ¢
© 35
c n 0.6 1
© 2
mn s
e c
S g4
= ¢

i

0.2
0.01

—@— Paper Birch

—8— Jack Pine

—@— Trembling Aspen
—0— Black Spruce

——~- Perfect Calibration

0.2

0.4 0.6 0.8 1.0

Mean Predicted Probability

International Journal of Applied Earth Observation and Geoinformation 144 (2025) 104877

Point Extractor + Metrics Network

1.0 { —®— Paper Birch
—8— Jack Pine
—e— Trembling Aspen ~
—o— Black Spruce /’
0.8 —~- Perfect Calibration e
"]
(Y]
=
=
% 0.6
o
o
Y
(o]
s
5 0.41
o]
©
o
-
0.21
0.01
0.0 0.2 0.4 0.6 0.8 1.0
Mean Predicted Probability
1.0 { —®— Paper Birch L
—&— Jack Pine
—8— Trembling Aspen 3
©— Black Spruce
Perfect Calibration
V]
(]
=
&=,
%]
o
o
Y—
(o]
c
2
)
9]
©
=
-
0.0 0.2 0.4 0.6 0.8 1.0
Mean Predicted Probability
1.0 —®— Paper Birch 37
—8— Jack Pine )
—e— Trembling Aspen /T«»%% 2
©— Black Spruce f %
Perfect Calibration Y 4 s
"]
(]
=
=
]
o
o
Y
o
c
o
=
o]
©
o
=
0.0 0.2 0.4 0.6 0.8 1.0

Mean Predicted Probability

Fig. 8. Calibration plot showing the relationship between the binned mean predicted probabilities and observed fraction of positive predictions for each species from
the trained models using the different Point Extractor layers with and without the Metrics Network.

4.1. Comparison and assessment of modeling approach and performance

Many studies have used point-based DL for tree species prediction (J.
Chen et al., 2021; Hell et al., 2022; Puliti et al., 2025), often achieving >

90 % accuracy with high-density point-clouds from drone-based laser
scanning (DLS) or terrestrial laser scanning (TLS) systems and manual
segmentation. While these dense datasets have shown higher accuracy
for segmentation tasks (Wielgosz et al., 2024; Xiang et al., 2024), they
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are impractical for large-scale inventories. ALS datasets, on the other
hand, are more practical for operational and landscape-level analysis
due to their ability to cover extensive areas with relatively lower costs
and faster acquisition times compared to DLS/TLS acquisitions. Vah-
renhold et al. (2025) used ALS data for individual tree species prediction
from DL but used a manual tree segmentation approach. This manual
segmentation creates a bottleneck in data processing, requiring trained
experts to perform the segmentation and species labelling of the dataset,
and is not ideal when considering an approach for predicting species
over large landscapes. Other studies have leveraged monospecific stands
for species classification (e.g., Gaydon & Roche, 2025; Oreti et al.,
2021), but the integration with an automated ITD, segmentation and
labelling approach remains underexplored. We wanted to focus on the
use of an ALS dataset with an automated data-driven individual tree

11

segmentation approach to demonstrate the approach’s feasibility for
operational use. This integration of monospecific stands within our
automated data generation approach reduced labelling demands while
scaling species classification to large forested areas.

4.1.1. Assessment of point Extractor

The major benefit of the Point Extractor is its modularity, allowing
the integration of various point-based DL layers without altering the
overall architecture. Our approach is similar to other modular networks
(Andreas et al., 2016; Bi et al., 2025; Kirsch et al., 2018), which allow
functional layers to be interchanged within a fixed architecture. This
design ensures consistent feature dimensionality, maintaining compa-
rability across experiments regardless of the point-based layer used.
While Table 4 shows similar accuracies across dual-stream models, other
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results (e.g., Fig. 6, Fig. 8, Fig. 9) reveal differences between Point Ex-
tractors, indicating that the point-based stream contributes comple-
mentary information alongside the Metrics Network. By interchanging
point-based layers, the model adapts the feature extraction process to
capture different structural characteristics of the point-cloud, enabling
analysis of how each layer influences performance. Future work could
expand this approach with additional point-based layers to further
investigate the contribution to species prediction.

The Multi-Branch Point Extractor proved beneficial in providing a
well-calibrated model, as shown in Fig. 8. Although this model showed
lower values for various evaluation scores (Table 4), the calibration
plots indicate that the predicted class probabilities are more reliable
when combining different Point Extractor layers. This may be due to
EdgeConv and Point Transformer identifying different patterns and
extracting complementary features from the point-clouds (Paul et al.,
2023). Additionally, Zenopy and Depthgzs had lower feature attention
scores when these layers were used individually, but demonstrated
higher attention when combined with the Multi-Branch layer (Fig. 9),
reinforcing the complementarity of this approach in identifying unique
geometric and structural features of the point-cloud. This allows the
model to benefit from diverse representations and may improve gener-
alisation across datasets. A model that provides more reliable pre-
dictions also gives forest managers greater confidence in the species
predictions. Future studies could explore other hybrid architectures that
integrate additional geometric operations to further capture subtle
structural patterns within the point-cloud.

4.1.2. Assessment of Metrics Network

The addition of the Metrics Network proved to be beneficial for the
tree species prediction, which is consistent with the findings of other
studies (Vahrenhold et al., 2025; Z. Zhang et al., 2024). While these
metrics may introduce some bias or redundancy, they also can provide
meaningful geometric or structural cues that the point-cloud DL features
might not convey. The inclusion of an attention-based Metrics Network
allowed for a more interpretable model, as the feature attention of the
various metrics can be visualised. Since the Metrics Network and the
Point Extractor were trained in parallel, the attention weights assigned
to the various metrics differed based on the Point Extractor layer used.
This can be observed through our experiments with different Point
Extractor layers, as feature importance rank for some metrics changed
more based on the layer used (Fig. 9). While this study used simple
concatenation for feature fusion, future work could explore attention-
based or gating mechanisms to enhance feature interaction, model
performance and interpretability (Liu et al., 2022b; Pan et al., 2025).

Zskews Npoints, and Igso exhibited the highest overall feature attention
ranks (Fig. 9), likely reflecting species-specific differences in vertical
structure, canopy density, and reflectance. Iso and other intensity
metrics may rank differently with other lidar sensors (linear-mode lidar)
due to inconsistent intensity values across sensors (Brown et al., 2020).
Identifying and interpreting key metrics would be essential when
applying this model to data from other sensors with different return
densities and intensities. Volume and Area showed lower attention ranks
(Fig. 9), possibly due to varying stand densities across the RMF.
Retraining or fine-tuning may be necessary when applying this model to
other sensors or regions to ensure accuracy.

4.2. Modeling approach and data limitations

One of the limitations of this approach is the potential propagation of
errors from the watershed segmentation into the feature extraction and
classification stages. Although the watershed algorithm has been widely
applied in forestry studies (Edson & Wing, 2011; Kanda et al., 2004;
Queinnec et al., 2022), segmentation inaccuracies, such as crown over or
under segmentation, may introduce noise into the extracted features,
impacting model predictions. Since the watershed segmentation uses the
CHM, it will only segment trees whose crowns are found within the
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upper canopy, ultimately leading to additional returns being introduced
to the point-cloud belonging to other understory vegetation. With new
segmentation approaches using advanced DL models (Wielgosz et al.,
2024) there is potential for these errors in tree segmentation to be
diminished and could be incorporated into future studies using our
modeling approach. While our study focused on developing and testing
the automated dual-stream DL approach for predicting tree species,
future research could aim to quantify segmentation errors and their
influence on species prediction by using manual delineations or alter-
native segmentation methods.

The models trained within this study were generally more accurate in
predicting needleleaf (black spruce and jack pine) compared to broad-
leaf (paper birch and trembling aspen) samples. Similar findings were
also observed by Krzystek et al. (2020) where they classified needleleaf,
broadleaf, and dead trees using full waveform ALS data and multispec-
tral imagery. Since paper birch and trembling aspen had fewer samples
in the dataset (Table 3), we incorporated a weighted cross entropy loss
to penalize these classes, encouraging the model to focus more on
correctly predicting them and improving overall training performance.
Despite this, the models predicted these species less accurately (Fig. 5),
and the mean predictive probability for paper birch remained low
(Fig. 6; Fig. 8), potentially due to too few samples to capture their
diverse point patterns. Additionally, the pseudo-plot sample generation
strategy assumes species purity within stands, which may not always be
valid in heterogeneous forests, potentially introducing systematic bias;
however, this assumption was necessary to ensure sufficient training
samples for effective model development.

With many segmentation tasks observing lower accuracies for
broadleaf species compared to needleleaf species (Y. Li et al., 2023; Yu
et al., 2024), the compounding errors in the watershed segmentation
approach could have negatively impacted the predictions for paper
birch and trembling aspen. Furthermore, there is often confusion be-
tween paper birch and trembling aspen samples (Fig. 5), which could be
a result of similar learnt feature representations due to their structural
and radiometric similarities (Dalponte et al., 2012; Kuzmin et al., 2021).
This confusion may also explain the drop in trembling aspen accuracy
when the Metrics Network is used with the EdgeConv layer, as paper
birch was not predicted without it, eliminating the possibility of mis-
classifying trembling aspen as paper birch. The lower prediction accu-
racies observed in this study for the broadleaf species may also suggest
that the geometric or structural features of the point cloud alone may not
adequately capture broadleaf variability. Future studies could incorpo-
rate spectral information into the modelling approach which has shown
to be beneficial especially for broadleaf species (Murray et al., 2025;
Queinnec et al., 2022).

5. Conclusion

With the greater use of ALS data for forest inventories, there is a
growing need to also derive tree species information from the ALS data.
Species information at the individual tree level is important for deriving
further information about the tree (e.g., merchantable timber, biomass)
or the stand (e.g., species composition, ecosystem preferences). Through
this study, we examined how an automated, data-driven dual-stream DL
approach could be used to predict tree species at the individual tree level
using a combination of the raw ALS point-cloud and derived metrics.
Our results indicated, using this dual-stream model, which included an
adaptable Point Extractor and Metrics Network, outperformed the
models using only raw point-cloud data. This dual-stream model also
improved the predictive probability of the four species of interest to this
study (black spruce, jack pine, paper birch, and trembling aspen),
providing further confidence for forest managers to make informed
decisions from the predictions. These findings show that this automated,
data-driven dual-stream DL approach can produce a large quantity of
labeled point-clouds for use in species classification, highlighting the
value of combining summary metrics with raw ALS point-clouds for
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improving prediction
environments.
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