ISPRS Journal of Photogrammetry and Remote Sensing 234 (2026) 261-274

Contents lists available at ScienceDirect

ISPRS Journal of Photogrammetry and Remote Sensing

o %

ELSEVIER

journal homepage: www.elsevier.com/locate/isprsjprs

Check for

Automatic tree-level based forest inventories retrieval via ultra-high | e
resolution UAV images and deep learning

Wen Fan“®, Thomas Knoke ?, Jonas Troles "®, Jiaojiao Tian ™"

2 Institute of Forest Management, TUM School of Life Sciences Weihenstephan, Technical University of Munich, 85354 Freising, Germany
b Cognitive Systems Group, University of Bamberg, 96047 Bamberg, Germany
¢ Remote Sensing Technology Institute (IMF), German Aerospace Center (DLR), 82234 Wessling, Germarny

ARTICLE INFO ABSTRACT

Keywords:

Individual tree crown
Tree species classification
Vitality estimation
Carbon stock estimation
Forest inventory

Deep learning

Forest inventories play an essential role in managing and protecting forest resources as well as quantifying
carbon stocks. Recent advances in Uncrewed Aerial Vehicles (UAVs) have enhanced capabilities for efficiently
monitoring forest dynamics across large geographic areas. RGB cameras are typically preferred for rapid and
scalable forest inventory missions owing to three distinct advantages, including low cost, ease of use, and high
resolution. However, compared with multispectral or hyperspectral sensors, the limited spectral signals of RGB
cameras pose challenges for tree crown detection and classification. The ability of deep learning methods to
capture structural and contextual cues from imagery helps alleviate some of the limitations of RGB data. In this
study, we propose an Individual Tree Crown (ITC)-based framework leveraging UAV data and advanced deep
learning models for inventories of individual trees in dense and natural forests. First, we develop the ITC-based
Multi-Task Convolutional Neural Network (ITCMNet), which incorporates multi-scale contexts to simultaneously
and accurately identify individual tree crowns, discriminate tree species, and assess tree vitality. Second,
structural parameters for each individual crown are extracted to estimate forest carbon storage using species-
specific allometric models. Unlike conventional pixel-based methods, our proposed ITCMNet enables precise
forest investigations at the ITC level, enhancing both performance and interpretability. We collected a
comprehensive dataset consisting of 2456 ultra-high resolution (1.6 cm) UAV RGB images and 27,160 labeled
trees across 105 plots distributed in three dense forests and one city park in Germany to evaluate our framework.
The ITCMNet demonstrated robust tree crown delineation performance, achieving an F1 score of 0.81. Addi-
tionally, our method attained an FI score in species classification (i.e., 0.54 for angiosperms and 0.76 for
gymnosperms) and vitality identification (0.66). Utilizing precise tree parameters, species information, and
species-specific allometric models, our carbon storage estimation surpassed current satellite-based carbon
products. The carbon stock estimation achieved an R? of 0.83 and the carbon storage range in the Bamberg
forests is approximately 50 to 110 Mg C/ha. These results show that our proposed framework provides detailed,
cost-effective forest inventories, highlighting its potential to support various downstream forestry applications.
The dataset and source code are available (https://www.dlr.de/en/eoc/about-us/remote-sensing-technology-i
nstitute/photogrammetry-and-image-analysis/public-datasets/bamforests;  https://github.com/WendyFan52/
ITCMNet).

1. Introduction

Approximately one-third of Germany's forest is under unprecedented
stress (Riedel et al., 2024). Between 2018 and 2021, satellite data
revealed that around 501,000 ha of forest in Germany experienced se-
vere canopy loss, accounting for approximately 5% of the country's total
forest area (Knutzen et al., 2025). Timely forest inventory data is
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essential for the prompt implementation of intervention measures.
Forest inventories with intense field work to monitor forest dynamics at
a large scale are expensive and laborious (Liang et al., 2022). For the
Fourth National Forest Inventory of Germany, around 100 specially
trained survey teams from the federal states measured around 521,000
trees in 2021 and 2022, and the data quality assessment took two years
until 2024 (Riedel et al., 2024). However, the information provided by
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inventories is indispensable for making informed management de-
cisions. Monitoring the change in forest composition and configuration
is important to facilitate the forest’s adaptation to climate change and to
assess the provisioning of ecosystem services and the sustainability of
past forest management (Hahn and Knoke 2010). Moreover, quantifying
forest carbon storage services is fundamental for estimating forests'
environmental and economic value and supporting their conservation
(Knoke et al., 2023). Since 2017, Germany's forests have lost 41.5
million tonnes of carbon, highlighting the urgent need for adaptation
and restoration measures (Riedel et al., 2024). Compared to traditional
fieldwork, combined field surveys and remote sensing can be more cost-
effective and efficient for large-scale forest inventory missions (Lechner
et al., 2020). However, its low spatial resolution from satellite sensors
(10 m —1 km) can lead to a mismatch between remote sensing pixels and
individual trees. One pixel contains information from multiple tree
crowns (Ferrara et al., 2023). Although LiDAR provides information at
the level of individual trees, the high cost of data acquisition and pro-
cessing makes it impractical for large-scale applications (Yao et al.,
2021).

Advances in UAVs enable the acquisition of high-resolution imagery
at lower costs and with easy processing, allowing individual tree crown
detection to be matched with field forest inventory records (Puliti et al.,
2017; Wallace et al., 2012). Recently, UAVs with advanced sensors (e.g.,
multispectral, hyperspectral, or LiDAR) have been widely used for the
extraction of critical forest parameters, including tree height, canopy
cover, crown delineation, and species identification through photo-
grammetry and machine learning techniques (Hu et al., 2020; Weinstein
et al., 2021a). Compared to other sensors, RGB cameras offer rapid data
acquisition at significantly lower operational costs and require less
complex post-processing procedures, which is particularly advantageous
for forest inventories over large geographical areas. However, owing to
their limited spectral bands and lack of structural information, RGB
cameras face challenges in accurately distinguishing subtle vegetation
characteristics, detecting stress indicators, modeling complex forest
structures, as well as quantifying forest carbon storage (Diez et al., 2021;
Qin et al., 2022; Schiefer et al., 2020). These limitations highlight the
need for developing advanced methods and innovative workflows to
enhance the extraction of precise and reliable forest inventory infor-
mation from RGB imagery alone.

Rich spatial contexts in high-resolution imagery offer a solution to
mitigate the limited spectral information from RGB imagery. The spatial
extent of individual trees allows spatial information to be aggregated
more effectively for analyzing tree status. ITC delineation using high-
resolution UAV imagery is a widely adopted method that facilitates
the identification of unique tree characteristics and additional attri-
butes, such as crown size, area, and spatial location (Jing et al., 2012;
Wagner et al., 2018). One of the classical ITC approaches is the Water-
shed Algorithm (Tochon et al., 2015), which searches for local point
maxima in the image to be used as seed points for region growing and
segmentation based on a high-resolution canopy height model (CHM)
derived from UAV images or LiDAR (Kempf et al., 2021; Liu et al., 2024).
Although this method is widely used for many applications due to its
simplicity, its performance is still limited because seed points may be
incorrectly detected due to inaccurate CHM in areas of varying tree
density (Wen et al., 2024). As for classification tasks, machine learning
algorithms, such as random forest and support vector machine, are
usually used for pixel-based tree species classification (Feng et al., 2015;
Hartling et al., 2021). However, when only UAV RGB data is available,
these pixel-based algorithms are limited to capturing subtle differences
due to their fewer spectral signals and because they ignore abundant
textures from high-resolution imagery.

Fortunately, advanced deep learning methods have demonstrated
superiority over other approaches in detecting tree objects, owing to
their strong ability to capture spatiotemporal context from remote
sensing observations (Wen et al., 2024; Zheng et al., 2021). Convolu-
tional Neural Networks (CNNs) are a powerful category of deep learning
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models specifically designed for processing and analyzing image data by
automatically learning hierarchical spatial features directly from raw
pixels (Li et al., 2021a; Liu et al., 2022a). Regarding forest inventories
using UAV RGB data, CNNs also demonstrated superior performance in
capturing local features and handling high-resolution images for tree
detection and classification (Brandt et al., 2024; Schiefer et al., 2020).
Early studies mainly focused on pixel-level single tasks, such as tree
segmentation or classification, using UAV or high-resolution satellite
imagery for forest monitoring (Liang et al., 2025; Xu et al., 2021). More
recently, instance-level ITC segmentation and classification methods
have been developed by using UAV RGB imagery, allowing for the
extraction of more detailed structural information at the level of indi-
vidual trees. Although RGB imagery provides valuable information for
tree species, its effectiveness is often limited by factors such as class
imbalance, ambiguous boundaries, and spectral similarity among spe-
cies, which constrain classification accuracy (Ecke et al., 2024). As
summarized in Table 1, many existing forest research studies focus on a
single task, while there has been increased in attention paid to the joint
task of tree species classification and ITC segmentation, in order to
explore the potential of ultra-high resolution RGB imagery for mapping
mixed forests (Schiefer et al., 2020). Modeling these tasks jointly can
further improve performance. Low-cost forest inventory frameworks
based on high-resolution imagery have been further explored. The po-
tential of sub-meter aerial imagery for tree counting, canopy segmen-
tation, and height prediction at a national scale has been demonstrated
(Li et al., 2023). Furthermore, the performance of various UAV-based
image sensors in ITC detection and species classification has been
investigated. Compared to multispectral and hyperspectral data, RGB
imagery offers the optimal cost-effectiveness, as its high spatial resolu-
tion facilitates superior tree detection and structural analysis
(Nevalainen et al., 2025). In this study, we propose a multi-task
framework at the instance level that performs individual tree detec-
tion, species classification, and vitality assessment simultaneously.
Through the utilization or exploitation of shared features among these
tasks, the framework improves overall performance.

To address the challenges mentioned above, this paper presents a
framework to deal with individual tree-level attribute inventories. The
objective is to predict the location, species, vitality, aboveground
biomass (AGB), and carbon stocks of individual trees. ConvNeXt com-
bines the strengths of CNNs with a transformer-inspired structure (Liu
et al., 2022b). Specifically, we developed the ITC-based Multi-Task
Convolutional Neural Network (ITCMNet) using ConvNeXt V2 as the
modern backbone. Moreover, the proposed ITCMNet is designed to deal
with both segmentation and classification tasks together, so that the
classification tasks, including species classification and vitality identi-
fication, can be improved by utilizing textures from different ITCs.
Following this, the ITC-level forest carbon storage is estimated using
structural parameters from delineated crown shapes, CHM, and species-
specific allometric models. To evaluate the proposed framework, we
collected a total of 2456 ultra-high resolution UAV images and 27,160
annotated trees (i.e., crown boundary, species, and vitality) in four
forests in Germany. To demonstrate the capability of the proposed
method, we also compare it with the Swin Transformer, U-Net, and
satellite-based datasets for segmentation, classification, carbon estima-
tion tasks.

2. Study area and data
2.1. Study region

The study area is located near Bamberg, Bavaria, Germany. The
climate of Bamberg is classified as marine west coast with some conti-
nental influence, and there is significant rainfall throughout the year.
The average annual temperature in the region is 10.34°C. Data were
collected from forests and urban parks within a 20-kilometer radius
around Bamberg (Troles et al., 2024). The Bamberg region consists of



W. Fan et al.

Table 1
Comparison of methods for individual tree segmentation and classification.
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Strengths

Limitations

Category Representative Methods

CHM-based tree Watershed algorithm
segmentation

Machine learning for tree Random Forest, SVM
classification

Single-task deep learning CNN, Transformer, or Mamba-based segmentation
or classification models
Joint CNN, Transformer, or Mamba-based

frameworks

Multi-task deep learning

Simple, efficient, and widely used in
forestry.
Robust with limited data, interpretable and

fast.

State-of-the-art accuracy, automated

spati

Shared feature representation, efficient

and

Sensitive to CHM quality; fails in dense/
overlapping canopies.

Relies on manual features, weak spatial
context in RGB imagery.

Single-objective focus, large annotated
datasets

Under-researched for RGB-only UAVs, high
architectural complexity

ial feature extraction

highly consistent.

data from four different Areas of Interest (AOIs). A total of 105 sample
plots has been annotated for the BAMFORESTS dataset (shown in Fig. 1).
In Fig. 1, each red dot represents a single sample plot. Each sample plot
covers one hectare. Described by (Troles et al., 2024), the Hain AOI is an
urban forest park of approximately 61 ha. The Stadtwald AOI covers
152 ha and is located about 5 km southeast of Bamberg city center. The
Tretzendorf-1 AOI covers 65 ha, while the Tretzendorf-2 AOI covers 47
ha. Of the annotated tree areas, the sample plot area from the Hain AOIL
covers 15 ha. The sample plot area in the Stadtwald AOI covers 46 ha
and the sample plot area in the Tretzendorf AOI consists of two regions,
one covering 29 ha and the other 15 ha, respectively, as shown in Fig. 1.
The study area shows a rich diversity of tree species (given average
German conditions), with seven prevailing species. Specifically, the
main tree species are Scots pine, European beech, Oak, Norway spruce,
European larch, Douglas fir, and silver fir. In terms of spermatophyte
classification, European beech and oak are angiosperms, while the other
five species are gymnosperms. This classification plays an important role
in estimating AGB and carbon storage.

2.2. Benchmark data

This study primarily utilized the BAMFORESTS dataset along with
the corresponding Digital Surface Model (DSM) (Troles et al., 2024) and
public Digital Terrain Model (DTM) (Vermessungsverwaltung 2022) for
the study area. The DSM was generated from multi-view UAV imagery
using Structure from Motion (SfM) and stereo matching algorithms

implemented in Agisoft Metashape (Agisoft, 2021). The DTM was ob-
tained from publicly available airborne LiDAR data with a spatial res-
olution of 1 m and full coverage of the Bavarian region, provided by the
Bavarian State Government (Vermessungsverwaltung 2022). To eval-
uate the accuracy of the DTM, random ground points without vegetation
cover were selected for validation. The evaluation indicated that the
DTM error is within + 40 cm. BAMFORESTS contains 27,160 labeled
trees of the 105 sample plots. A COCO format dataset with a resolution
of 2048 x 2048 pixels is used (Lin et al., 2014). The images have a 50%
overlap in both horizontal and vertical directions. The images are
captured with two RGB sensors with slightly different resolutions and
fields of view to collect data in Bamberg (Troles et al., 2024). The 20 MP,
1" CMOS sensor provides a wider coverage suitable for urban areas with
an 84°angle of view (AOV), while the 42.4 MP Sony RX1 RII offers
higher spatial resolution for capturing fine-scale canopy structures in
forests with a 63°A0V. The UAV RGB images and overlapping images
were collected in July 2022. RGB orthophotos, DSM and DTM have pixel
resolutions of 1.6 cm or 1.8 cm, 3.2 cm or 3.6 cm, and 1 m, respectively.
Based on the collected DSM and DTM images, further pre-processing was
performed to obtain this area's CHM image.

The four regions within the study area show significant differences in
tree species and density. Experienced foresters were responsible for
annotating the data. Tree annotations represent the foresters' delinea-
tion of tree crown boundaries in the drone imagery, as well as their
identification of tree species and classification of vitality. In addition to
classifying the seven tree species mentioned above, 'other' categories

Stadtwald Hain

-50°15'0"N
; ; r50°0'0"N
0 03 06 03 06
km km
Tretzendorf 1 Tretzendorf 2
-49°45'0" N
@ Tretzendorf 1 @ Hain [ County Boundary
o Tretzendorf_2 Stadtwald
0.6 0 15 30 60
km km
10°15'0"E  10°30'0"E  10°45'0"E 11°0'0"E 11°15'0"E

Fig. 1. The location of study areas and their surroundings in Bamberg, Germany.
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were introduced for the species classification task. This ensures the
ability of the model to generalize in complex forest environments. In the
tree vitality estimation task, the number of classes is set to three, rep-
resenting healthy, declining and dead trees. Healthy trees are easy to
distinguish from dead trees. A declining tree has many dead branches,
but it is not yet dead. Table 2 provides detailed information on indi-
vidual tree annotations within the dataset, which are considered to
represent the ground truth of individual trees in this study.

The Train-set refers to the dataset used to train the model, while the
Val-set is used to evaluate the performance of the model during training,
and the Test-set is used to evaluate the final performance of the model.
The Train-set sample plots cover a total of 60 ha of forest, with 31 ha
from the Stadtwald AOI and 29 ha from the Tretzendorf AOI The Val-set
sample plots cover 16 ha, with 8 ha from the Stadtwald AOI and 8 ha
from the Tretzendorf AOL The Test-set sample plots cover 29 ha in total,
including 7 ha from Stadtwald AOI, 7 ha from Tretzendorf AOI, and 15
ha from Hain AOIL The Hain AOI sample plots are used exclusively for
out-of-sample evaluation in the Test-set, which is not included in the
Train-set or Val-set. The design of these plots plays a crucial role in the
segmentation, classification, and evaluation of model performance.

In AGB and carbon stock estimation tasks, the ground truth is ob-
tained by combining individual tree parameters with allometric equa-
tions. The tree parameters extracted by the proposed method are
compared and evaluated with the ground truth.

3. Method

The proposed methodology in this study includes the two major
steps: (1) Segmentation, classification and vitality estimation of indi-
vidual trees in response to the needs of the forest inventory; (2) Carbon
stock estimation using parameters from individual tree segmentation
along with species-specific allometric models. The flowchart illustrates
the data sources, methods, and sub-tasks of forest inventory in this paper
(Fig. 2).

3.1. Multi-task learning

3.1.1. ITCMNet for tree segmentation and classification

In this study, a Multi-task Learning (MTL) strategy is employed to
facilitate information sharing and mutual enhancement between indi-
vidual tree instance segmentation and classification tasks (species clas-
sification and vitality classification) as shown in Fig. 2. Shared modules,
such as the advanced Backbone and the Feature Pyramid Network
(FPN), extract shared features across tasks. The extracted segmentation
features and spatial information provide more accurate candidate re-
gions for the Region Proposal Network (RPN), thereby improving the
ability of the classification task to identify tree categories within these
regions.

The design of ITCMNet is inspired by the framework of Mask R-CNN
and ConvNeXt V2 (He et al., 2017; Woo et al., 2023). Due to its mature
architecture and robustness in object detection and instance segmenta-
tion, Mask R-CNN has become a classic multi-task learning framework.
The ConvNeXt represents a series of convolutional neural networks,
with ConvNeXt V2 being an enhanced version of ConvNeXt. Its design is
inspired by Vision Transformers, while retaining the efficiency and
spatial properties of CNNs. Compared to the original ConvNeXt, its en-
hancements include utilizing a pre-trained Fully Convolutional Masked
Autoencoder (FCMAE) for self-supervised learning and incorporating
the Global Response Normalization (GRN) to enhance feature

Table 2
BAMFORESTS 2048 x 2048 dataset.
Train-set Val-set Test-set
Number of Images 1,439 382 635
Number of Annotations 58,235 15,180 19,041
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representation and diversity. Additionally, ConvNeXt V2 eliminates
layer scale, reducing feature collapse issues and improving model sta-
bility on large-scale remote sensing imagery.

The output feature maps from different layers of the backbone
ConvNeXt V2 are used to construct the FPN. By connecting these multi-
level feature maps, the FPN performs multi-scale feature fusion. The
high-level features contribute global contextual information, while low-
level features preserve fine structural details. In tree crown detection,
this design enables the model to effectively handle crowns of varying
sizes. Then, the Region Proposal Network (RPN) module consists of
AnchorGenerator and RPNHead. The AnchorGenerator provides prior
anchors of different scales to accommodate varying tree crown sizes.
The RPNHead generates potential candidate bounding boxes (BBox) for
the tree crown based on prior anchors and performs the localization of
the tree crown. Once candidate regions are proposed, the Region of
Interest (Rol) Head, which consists of the BBox Head and the Mask
Head, processes these regions in greater detail. The BBox Head consists
of a two-layer Fully Connected (FC) network that provides output for
object classification and regression, which is responsible for the
regression of the BBox and precisely localizes the position of each tree
crown. Based on the FCNMaskHead module, the Mask Head uses a four-
layer convolutional structure to output the segmentation masks and
generates a binary mask for each candidate region, allowing for seg-
mentation of the tree crown area. Finally, to ensure optimal perfor-
mance of the model, the total loss function consists of a weighted sum of
the classification loss, the BBox regression loss and the mask loss.
Classification loss is calculated using CrossEntropyLoss, which de-
termines the category of each detected object. BBox regression loss is
computed using L1Loss, which adjusts the predicted BBox to match the
ground truth. Mask loss is calculated using CrossEntropyLoss, which
measures the difference between the predicted segmentation mask and
the ground truth mask. Through the integration of these loss functions,
the model effectively optimizes both detection accuracy and segmen-
tation precision, ensuring high-quality instance segmentation of trees.

3.1.2. Experimental parameter design

The dataset was divided into Train-set, Test-set, and Val-set. An epoch
refers to one complete pass through the entire Train-set. Since datasets
are often too large to process all at once, they are divided into smaller
batches. In each training step, the model processes one batch of data,
performs a forward pass, computes the loss, and updates the model
parameters via backpropagation. During the training process, the
number of epochs is 50, and the number of steps per epoch is determined
by the size of the training dataset and a batch size of 2. At the beginning
of each epoch, data is sampled sequentially from the shuffled dataset
according to the batch size. During the epoch, all batches are iterated
sequentially until the entire dataset has been accessed once. A learning
rate warm-up phase is used for the first 1,000 steps, starting at 0.001
times the base learning rate. After reaching predefined milestones at
epoch 40 and epoch 45, the learning rate is progressively reduced by a
factor of 0.1 at each milestone. The learning rate decay is intended to
improve convergence and avoid overfitting and oscillations. Model
performance was evaluated on the validation set after each epoch.
During training, the checkpoint hook automatically saved the model
weights corresponding to the best validation performance and retained
only the most recent checkpoint to save storage space while ensuring
that the best model was available for evaluation. Loss values and eval-
uation metrics were continuously logged using the LoggerHook,
enabling visualization of training and validation loss curves for moni-
toring convergence and stability. The model that performed best on the
Val-set was used for all subsequent testing and analysis. Model robust-
ness was further evaluated on the held-out test set using evaluation
metrics, including BBox and mask performance. To gain deeper insight
into class-level segmentation performance, the average precision (AP)
for each class needs to be reported and compared.

The ITCMNet was implemented using MMDetection 3.0 (Chen et al.,
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Fig. 2. The workflow of the proposed method.

2019) and trained on an Nvidia GeForce RTX 3080 GPU. The Bamberg
dataset used consists of images with a resolution of 2048 x 2048 pixels,
with 50% overlap in both horizontal and vertical directions. In the
official BAMFORESTS benchmark, the data split of Train-set, Test-set, and
Val-set is performed by plots rather than by tiles, ensuring that there is
no overlap between plots across the different subsets. During ITCMNet
training, Non-Maximum Suppression (NMS) is applied to the proposals
generated by the RPN with an intersection over union (IoU) threshold of
0.4. This removes redundant candidate boxes before RCNN sampling.
During inference, NMS is applied to the final RCNN-predicted BBox with
an IoU threshold of 0.5, in order to minimize overlapping predictions.
After completing the inference of segmentation and classification, the
2048 x 2048 sub-images are merged into full-forest images (Text S1;
Supp Fig.Al). Two main challenges arise during this step. First, splitting
the original image into sub-images may cause individual tree crowns to
be divided at the edges. Second, due to overlap, the same tree crown
may be detected multiple times in adjacent sub-images. To address these
issues, a weighting rule based on the crown's distance and location is
applied to identify and remove duplicate detections. Within each tile,
overlapping polygons are analyzed by first removing any that are fully
contained within another. If the overlap area exceeds 80%, the smaller
polygon is deleted. For overlaps between 30% and 80%, the decision of
which polygon to retain is made using a normalized composite score.
This uses the combination of area and distance to the tile center through
equal measuring. The complete model is constructed through three in-
dependent training processes and a final evaluation. One process is
trained only on labeled data with canopy boundaries. Another process is
trained on labeled data with canopy boundaries and labels for eight tree
species. The remaining process uses a separate set of labeled data with
canopy boundaries and labels for three tree vitality classes. A fixed
framework with different strategies is applied across multiple subtasks
to evaluate the model’s performance in ITC segmentation, species
classification, and vitality assessment, respectively. The proposed
framework can predict all three tasks jointly or task-specific results. An
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increased number of categories generally leads to lower accuracy in the
classification task. In order to mitigate the accuracy loss caused by
excessive class numbers, the results of carbon stock estimation are based
on the multi-task results of segmentation and tree species classification,
as only these two outputs were required for the downstream carbon
stock estimation.

3.2. Carbon stock estimation

High-quality individual tree delineation provides robust support for
accurate estimation of morphological parameters. By integrating CHM
with the results of individual tree delineation, three parameters were
measured for the identified trees: tree height (Ty) and crown diameter
(T.q). CHM is calculated from difference between the DSM and DTM
provided by the UAV data. Then, tree height is calculated by extracting
the 95th percentile of maximum CHM values within the individual
crown (De Petris et al., 2020). DSMs generated from UAV data may
contain noise points that result in local extreme values. Such outliers can
be avoided by using the 95th percentile of CHM maximum values (De
Petris et al., 2020). Crown diameter is defined as the length of the
longest side of the minimum BBox enclosing the tree crown.

T.q = max(CDys, CDwg), (@D)]
CDpys is the north-south length of crown, CDy is the west-east length of
crown.

Compared to labor-intensive field AGB measurements (e.g., cutting
the whole trees), allometric model is the most popular method to esti-
mate forest AGB over large geographical areas (de Tanago et al., 2018).
In this study, the allometric equation is used to estimate AGB, which is
difficult to measure directly, through a power-law relationship using
tree attributes such as height and crown diameter that are easily
measurable. Specifically, we employ the allometric model based on T4
and Ty:
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AGB = a*(Ty*T.)", 2
where AGB is in unit kg/ha, and Ty and T4 are in unit m. The parameter
a is a dimensionless scale constant, while b is a dimensionless power
exponent. Currently, there are no suitable allometric equations for local
German products constructed as a function of tree height, crown
diameter and AGB. In this study, there are two coefficients (a and b) that
are determined from a global database including 2,395 trees that were
cut and measured in great detail to quantify AGB, where a and b are
0.1113 and 1.79 for gymnosperm, and 0.0163 and 2.013 for angio-
sperm, respectively (Jucker et al., 2017). For trees classified as 'other’,
the allometric equation most closely related to that of angiosperms was
applied. The majority of species within the 'Other' category are angio-
sperms, including Ulmus, Tilia, Sorbus Torminalis and Acer Pseudo-
platanus. Due to their limited sample size, categorizing them as a
distinct class is unlikely to bring significant practical benefits. Further-
more, previous studies have shown that the carbon fraction of AGB in
forests is approximately 45% to 50% (Zhou et al., 2023). Internationally,
the IPCC 2006 recommends using a conversion factor of 0.47 from AGB
to carbon stock (Eggleston et al., 2006), which is a moderate value.
Therefore, we assume that carbon stock (t/ha) accounts for 47% of their
AGB in our study region (Eggleston et al., 2006; Santoro et al., 2021).

3.3. Evaluation

3.3.1. Assessment of ITC

Model performance for individual tree delineation is assessed using
the mentioned BAMFORESTS benchmark data. Model evaluation is
conducted at the tile level, and duplicate samples are removed. The
performance of the models is evaluated by comparing the image anno-
tations with the predictions of the algorithm using precision, recall, F1
scores and IoU as shown in the following equations. Precision is defined
by calculating the number of correctly detected crowns as a proportion
of the total number of crowns detected, and recall is defined by calcu-
lating the number of correctly detected crowns as a proportion of the
total number of real crowns in the image. Precision and recall measure
commission and omission errors in a result, respectively. The F1 score is
the harmonic mean of precision and recall, evaluating the detection re-
sults' precision and completeness. IoU indicates the degree of overlap
between the extracted crown boundaries and the ground truth.

For ITC tasks, the IoU between the annotation crown and the pre-
diction crown is computed if the two are the only ones that correspond.
In Table 3, Bpyreqicr indicates the predicted area of an individual tree,
while Birown delineates the extent of the annotated crown corresponding
to this instance. If the IoU exceeds 0.5, it is defined as a true positive
(TP). A false positive (FP) is defined as a predicted tree crown with an
IoU less than 0.5 or a predicted tree crown that does not have the

Table 3
Experimental evaluation metrics.
Metric Formula
ITC precision recision — TP
Tasks P " TP+FP
recall recall — TP
" TP+FN
F1 Fl = 2*Precision*Recall
"~ Precision + Recall
IoU IoU — area(chwn n Bpredict)
area<Bcruwn u Bpredlct)
2 ~\2
Carbon Stock R R -1 72?:1 i — y,-)
—\2
XL i -%)
RMSE 1 n ~\2
RMSE = /- ——> 0 (0 = 7)
RMSE
TRMSE rRMSE = ——- ¥100%
Vi
bias

i
. 1 ~
bias = ﬁz; i —3)
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maximum IoU. If no prediction crown is found within the annotated
crown, it is called a false negative (FN). Each predicted polygon is
matched one-to-one with the ground truth tree crown that has the
highest IoU. Once matched, the polygon is marked as used and excluded
from subsequent matches.

3.3.2. Assessment of carbon stock

The accuracy of carbon stock estimation is assessed using plot-level
data from Test-set, including four accuracy metrics, the coefficient of
determination (Rz), root mean square error (RMSE), relative RMSE
(rRMSE) and bias to evaluate the performance of the model. The R2 is
used to quantify the proportion of variation in the dependent variable
explained by the model's independent variables. The RMSE measures the
model's prediction accuracy, with lower values indicating better per-
formance. The rRMSE provides a measure of relative error. Bias repre-
sents the average difference between the predicted values and the actual
values. The mentioned indicators are defined as shown in Table 3.
Where n is the number of sample plots, k is the number of independent
variables, y; is the ground truth of the i th sample plot, y; is the predicted
value for the i sample plot, and ¥ is the mean of the ground truth of the
sample plots.

4. Results
4.1. Inference results of individual tree

4.1.1. Results of ITC delineation

The proposed deep learning framework ITCMNet effectively de-
lineates tree boundaries and accurately identifies tree locations across
varying forest types (Fig. 3). In the denser forests of Stadtwald and
Tretzendorf area, as well as in the more fragmented landscape of the
Hain region (with roads passing through), the algorithm consistently
produces accurate segmentations that align closely with the annotated
tree crowns. The model demonstrates robust segmentation capabilities
across tree crowns of different sizes. Additionally, in the Tretzendorf
area, where trees display varying levels of vitality, the algorithm suc-
cessfully segments trees with different vitality statuses, such as healthy
and dead trees. The proposed method is compared with two state-of-the-
art ITC segmentation approaches, specifically YOLOEn (Straker et al.,
2023) and a semi-supervised learning framework (SSL-MRCNN) (Wang
et al., 2026), and the recent transformer framework Swin Transformer
(Liu et al., 2022b). The YOLOER is reported to achieve good perfor-
mance across a wide range of forest types. The SSL-MRCNN has been
extensively tested in three forest farms, yielding high accuracy (F1 >
0.82). Specifically, we implemented SSL-MRCNN using its publicly
available source code, while YOLOEn was reproduced based on the
methodology described in its original publication. In order to ensure a
fair comparison, all Swin Transformer, SSL-MRCNN and YOLOEn were
configured with their default optimal hyperparameters, and all models
were trained using the same number of epochs. As shown in Fig. 3, the
YOLOEn method incorrectly extracted numerous shadow areas and
performed over-segmentation, generating many small false tree crowns.
Meanwhile, the SSL method produced significant omission errors for
both dead and healthy trees. Compared with the Swin Transformer, the
proposed method suffers from fewer over-segmentations in the Hain
region. The qualitative results suggest that segmentation boundaries
produced by the proposed method were precisely matched with ground
truth annotations.

As for the quantitative evaluation shown in Table 4, ITCMNet ach-
ieved a higher precision (0.8) than the Swin Transformer (0.5), SSL-
MRCNN (0.67), and YOLOEn (0.38), indicating that ITCMNet can
effectively capture tree crown structures while minimizing false posi-
tives, thereby preventing the background from being misclassified as
tree crowns and ensuring reliable segmentation results. Besides, the
ITCMNet method achieves an obviously higher recall and F1 score



W. Fan et al.

Grond Truth ITCMNet

Swin Transformer

ISPRS Journal of Photogrammetry and Remote Sensing 234 (2026) 261-274

SSL-maskCNN YOLOEn

l
{ £
2
2
E
=

JIOPURZ)I.LL,

Fig. 3. Results comparison of ITCMNet to Swin Transformer (Liu et al., 2022a), SSL-maskCNN (Wang et al., 2026) and YOLOEn (Straker et al., 2023).

Table 4
Accuracy comparison of ITCMNet and three different methods.
Site ITCMNet  Swin SSL- YOLOEn
Transformer MRCNN
Hain Precision  0.67 0.37 0.51 0.22
Recall 0.79 0.52 0.5 0.31
F1 0.72 0.43 0.51 0.26
Stadtwald Precision  0.91 0.61 0.78 0.5
Recall 0.83 0.68 0.69 0.57
F1 0.87 0.64 0.73 0.53
Tretzendorf  Precision  0.87 0.62 0.75 0.48
Recall 0.81 0.63 0.65 0.48
F1 0.84 0.64 0.7 0.48
Total Precision 0.8 0.51 0.67 0.38
Recall 0.81 0.61 0.61 0.45
F1 0.81 0.56 0.64 0.41

compared to other approaches in all three test regions. We have addi-
tionally compared the area distribution of four methods against the
ground truth, as shown in Fig. 4. The frequency distribution of indi-
vidual tree crowns reflects the occurrence of trees of varying sizes. If the
model's distribution closely matches the ground truth, it indicates that
the model not only predicts individual tree crowns accurately but also
handles trees of various sizes robustly. We observed that the distribution
generated by the ITCMNet method is closer to the ground-truth distri-
bution of tree crowns, further supporting its effectiveness in accurately
segmenting trees of different scales (Text S2; Table S1; Supp Fig. A2).

4.1.2. Results of tree species classification

U-Net is a widely adopted classification algorithm, frequently
employed in the task of tree species classification (Schiefer et al., 2020;
Weishaupt et al., 2025). In order to evaluate the efficacy of multi-task
learning, a comparative analysis is conducted between U-Net and
ITCMNet, the latter of which integrates instance segmentation with
classification. As shown in Fig. 5, incorporating segmentation signifi-
cantly improves classification performance. When using U-Net for pixel-
wise classification, individual tree crowns are often erroneously
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segmented into multiple species due to a lack of neighborhood infor-
mation constraints. In contrast, ITCMNet uses crown-level segmentation
to extract spatially coherent features within each tree crown. This en-
ables more accurate species discrimination and superior overall classi-
fication performance.

The proposed ITCMNet is then evaluated in the Test-set. The tree
species classification results demonstrate good performance for common
species, as shown in Table 5. Notably, Norway spruce achieves the
highest precision of 0.92. For Scots pine, the algorithm also performs well,
with a precision of 0.86. In contrast, for European larch we achieved an F1
of 0.56, reflecting its more challenging classification. For the rarer
species, Douglas fir and silver fir, both accuracies are low. This is primarily
attributed to the small number of samples of these species, coupled with
their spectral and morphological similarities to other gymnosperms,
which makes them difficult to distinguish. Both species account for less
than 1% of the total training samples, and the severe class imbalance
contributes to the model’s limited performance for these species.

Overall, the model achieves an average F1 score of 0.56, across all
species, demonstrating acceptable performance for common tree species
while encountering challenges in classifying rarer species. The inclusion
of a large number of test plots containing previously unseen species
resulted in the generation of numerous 'other' categories. Including such
an 'other' category is essential for practical applications. Especially for
the classification of angiosperms and gymnosperms, the model achieved
F1 score of 0.54 and 0.76, respectively, which is beneficial for the ac-
curate estimation of carbon storage. Fig. 6 presents the inference results
across the four regions, illustrating the area, proportion, and distribution
of the tree species within the forest. The broader forest distribution is
also assessed beyond the sample plot regions. The proportions of
dominant species are approximately 50% in all four regions. In the Hain
region, oak is the dominant species, covering 52.35%, while in Stadt-
wald, Scots pine is predominant, covering 48.90 ha and accounting for
51.11%. In the two Tretzendorf areas, European beech is dominant,
covering 53.75% in Tretzendorf 1 and 46.56% in Tretzendorf 2. Except
for Tretzendorf 2, which has the lowest proportion of Douglas fir, all
other regions show a very low proportion of silver fir, occupying less than
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Fig. 5. Comparison of tree species classification results in detail.
Table 5
Accuracy of tree species classification at the individual tree level.
Spermatophyte Tree species TP FP FN Precision Recall F1
angiosperms European beech 2,750 2,986 2,112 0.48 0.57 0.52
Oak 3,194 3,989 1,041 0.44 0.75 0.56
gymnosperms Scots pine 2,895 470 686 0.86 0.81 0.83
Norway spruce 674 61 529 0.92 0.56 0.7
European larch 217 189 155 0.53 0.58 0.56
Douglas fir 11 37 129 0.23 0.08 0.12
Silver fir 0 0 112 0 0 0
Other Other 1,185 1,049 3,858 0.53 0.24 0.33
Total Total 10,926 8,781 8,622 0.55 0.56 0.56
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Fig. 6. Results of tree species classification at individual tree level. (a) Hain region,

0.02 ha. Significant differences are observed in the distribution patterns
of tree species across regions. In Hain, European beech and oak are evenly
distributed across the area. In contrast, Scots pine is concentrated along
the borders of the region, while the central area is dominated by Euro-
pean beech and oak. In Tretzendorf 1, Scots pine and oak are primarily
found in the northern part of the region, while European beech dominates
the southern part. In Tretzendorf 2, European beech is widespread, with
Norway spruce concentrated in the northern section and Scots pine pri-
marily in the south.

4.1.3. Results of vitality estimation

As shown in Table 6, the ITCMNet method demonstrates the overall
best performance in detecting healthy trees, achieving an F1 of 0.72. The
detection precision for dead trees is 0.75, indicating that most dead trees
are correctly classified. In comparison, distinguishing declining trees is
more challenging, with an F1 score of 0.33, illustrating the difficulty in
accurately identifying declining trees. Overall, the model achieves an F1
of 0.66. The model performs well in detecting dead trees and maintains a
high precision for healthy trees, with further refinement needed to
distinguish declining trees.

Fig. 7 illustrates the vitality, distribution area, and proportion of all
trees across the four regions, extending beyond the plot areas. The
proportion of healthy trees in all four areas is approximately 70%,
except for the Stadtwald, which contains 2.31% dead trees, covering
about 2.22 ha. The other three regions each have fewer than 1% dead
trees. The distribution patterns further reveal that the Hain has the
highest proportion of healthy trees, suggesting a more stable and
thriving forest ecosystem. In contrast, a distinct area of tree mortality is

Table 6

Accuracy of vitality estimation at the individual tree level.
Vitality TP FP FN Precision Recall F1
Healthy 11,878 4,503 4,836 0.73 0.71 0.72
Decline 877 2,095 1,516 0.30 0.37 0.33
Dead 266 88 175 0.75 0.60 0.67
Total 13,021 6,686 6,527 0.66 0.67 0.66
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(b) Stadtwald region, (c) Tretzendorf_1 region, and (d) Tretzendorf 2 region.

evident in the center-left of the Stadtwald, indicating a potential need
for timely human intervention to prevent further forest degradation. In
Tretzendorf_1, declining trees are primarily concentrated in the central
and southern parts of the region, while in Tretzendorf 2, declining trees
are more evenly distributed across the entire area.

4.2. Results of carbon stock estimation

Firstly, the height and crown diameter of individual trees are
calculated. Subsequently, the AGB of individual trees is estimated based
on tree parameters, species classification results and the allometric
equations described above. The total AGB within each plot is then
summed by tree region. Finally, the carbon stock of each plot is calcu-
lated using the carbon fraction coefficient. A total of 19,041 tree crowns
from 29 sample plots of Test-set are included in the evaluation of the
results. Compared to carbon stock estimation at the individual tree level,
plot-level assessments help reduce errors caused by over-segmentation
and provide a more accurate evaluation of model performance.

The calculated ground truth carbon stock from sample plot data is
compared with the carbon stock inferred using the ITCMNet method.
This method is evaluated by using the carbon stock assessment metrics,
as shown in Fig. 8 and Table 7. The R? value of 0.83 indicates that the
model achieves a good fit for estimating carbon stocks. The average
difference between predicted and actual carbon stock is 7.94 Mg/ha and
the value of rRMSE is 16.42%. The model maintains good predictive
performance even in mixed forests with different tree species. A bias of
—1.24 Mg/ha indicates a negative bias in the model, indicating a ten-
dency to overestimate carbon stock by an average of 1.24 Mg/ha. This
trend is further illustrated in the bias distribution shown in Fig. 8.

As shown in Table 7, the performance of the model in the Test-set is
also compared by using the ESA CCI Biomass v5.0 satellite AGB product,
German AGB products and Global Ecosystem Dynamics Investigation
(GEDI) Level 4A (L4A) data (Dubayah et al., 2022; Kacic et al., 2023;
Santoro and Cartus 2024). CCI Biomass v5.0 from 2021 is the latest
available version, and GEDI L4A footprint data from the full year of
2022. Kriging interpolation is applied to convert the footprint-level AGB
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Fig. 7. Result of vitality estimation at individual tree level. (a) Hain region, (b) Stadtwald region, (c) Tretzendorf_1 region, and (d) Tretzendorf 2 region.
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Table 7
Carbon stock estimation performance.
R? RMSE (Mg/ha) rRMSE bias (Mg/ha)
This paper 0.83 7.94 16.42% —-1.24
CCI Biomass v5.0 —-3.51 39.28 81.27% —31.51
GEDI L4A —-1.23 27.62 57.16% 10.15
Kacic et al., (2023) —9.93 48.38 128.83% —49.00

values into a distribution map with a 100-meter resolution. AGB prod-
ucts for German forests are generated using GEDI data (Kacic et al.,
2023). Our Test-set plots cover a total of 29 ha. However, this experi-
ment is only conducted over the Stadtwald and Tretzendorf areas, due to
null values of data for the Hain area in the mentioned German AGB
product. Consequently, the evaluation is conducted using only the 14 ha
of Stadtwald and Tretzendorf plots. Compared to the method proposed

270

in this study, satellite-based products are more easily accessible and
cost-effective, but their data accuracy in localized areas is lower. In
contrast, the individual tree-level AGB product could generate outputs at
various resolutions and demonstrates excellent model performance.

Based on UAV imagery from the four regions mentioned above,
forest carbon storage distribution maps are generated at a coarser 1-
hectare resolution for all AOIs, as shown in Fig. 9. Although carbon
storage can be quantified at the individual tree level, coarser resolution
carbon storage maps offer a broader perspective on regional carbon
distribution and tree density patterns. Hain AOI is an urban forest park
and the other three AOI are forests. Therefore, the other three AOI for-
ests have a greater capacity for carbon sequestration. The edges of the
AOI have only a small amount of tree distribution, so the carbon stock is
relatively low.
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Fig. 9. Carbon stock estimation distribution. (a) Hain; (b) Stadtwald; (c) Tretzendorf 1; (d) Tretzendorf 2. (a, b, ¢, d) show estimations at 1-hectare resolution.

5. Discussion
5.1. Analysis of ITC

Forests provide biodiversity and ecosystem services. However, many
disturbances to forests, including changes to their structure and function
caused by factors such as hurricanes and pest outbreaks, occur at scales
beyond the reach of direct field measurements. Therefore, utilizing
remote sensing data to quantify changes of forest attributes is a critical
issue in forest ecology and management (Weinstein et al., 2021b). Tree
species classification is crucial for assessing ecosystem services and
carbon storage (Zheng et al., 2021). Besides, tree vitality classification
aids in estimating the health of forest ecosystems and carbon dynamics
(Zuleta et al., 2023).

ITC delineation performance is influenced by many factors, such as
forest type, leaf condition and RS data types (Yin and Wang 2016). In
particular, coniferous forests differ from broadleaf forests in tree density
and structure, leading to differences in model accuracy (Deluzet et al.,
2022; Zhen et al., 2016). Although UAV imagery provides an ultra-high
spatial resolution, segmenting dense, overlapping broadleaf crowns
remain challenging and often results in over-segmentation or under-
segmentation. The presence of fragmented crowns at subimage edges
and differences in crown size across multiple species further increase the
difficulty of model segmentation. Moreover, understory trees are even
more difficult to detect beneath broadleaf trees. In contrast, coniferous
forests generally have clearer crown boundaries, making segmentation
easier (Xu et al., 2021).

Additionally, too few samples lead to the lack of transferability of the
trained model (La Rosa et al., 2021). The study used datasets from
multiple regions for training, testing and validation, meticulously
annotating 27,160 samples. In this study, the method achieves an FI1
score of 0.72 for the Hain region, despite the lack of training data for
these areas. This indicates that while the model successfully detects
many tree crowns, a notable proportion of predictions are false positives.
The recall is 0.79 in Hain region, suggesting that some tree crowns are
still missed, possibly due to variations in tree species and crown sizes,
which make it challenging for the model to fully capture all relevant
features. The training data for this study were primarily collected in
German forests. Recently, the first international contest ITD dataset from
the International Society of Photogrammetry and Remote Sensing
(ISPRS), which incorporates diverse forest types across eleven countries,
offers superior global representativeness (Liang et al., 2026). As these
contest data were not publicly available during this study's development
phase, they were not included in the initial performance comparison.
Future work will focus on evaluating and adapting the proposed
approach across larger test regions.
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In terms of tree species classification, compared to point-wise clas-
sification, ITCMNet integrates instance-level segmentation, incorpo-
rating more comprehensive information from ITC and resulting in
improved classification performance (Yin and Wang 2016). Currently,
the ITCMNet method relies solely on RGB imagery but still achieves
relatively high accuracy in tree species classification without incorpo-
rating additional data sources. The performance of our approach is
constrained by the following two issues. The first issue is sample
imbalance. For instance, Douglas fir and silver fir account for less than 1%
of the total training samples, resulting in a small sample size. This
imbalance leads to reduced classification accuracy (Ren et al., 2020).
The second issue is that our trained model is unable to encompass all
unknown tree species, thus we have introduced an 'other' category. The
'other' category itself includes several minor species with tiny sample
sizes, as well as when annotators are unable to accurately distinguish the
exact tree species. In the BAMFORESTS dataset, the Hain forest is
selected as a separate test dataset to have a certain domain gap to the
train/val dataset. Misclassifications occurred because the species
composition in the Hain region is neither consistent with that of the
training area nor necessarily similar to the species in the 'other' category.
In future data collection, we will place more emphasis on balancing the
sample distribution among species to address the class imbalance issue,
thereby improving classification accuracy and the robustness of model
(Jackson and Adam 2021).

For vitality classification, the overall precision of the vitality classi-
fication for healthy and dead trees is around 0.75. However, the precision
of detected declining trees is only 0.3, primarily because the UAV images
contain only RGB bands. Changes in tree color are barely noticeable at
the early stages of decline, making it difficult to accurately identify
declining trees. To improve the accuracy of vitality classification, it is
necessary to integrate multisource remote sensing data, such as hyper-
spectral imagery and LiDAR or phenological features extracted from
time-series datasets. Combining these data sources would enhance the
ability to capture spectral and structural differences among species and
vitality levels (Abdollahnejad and Panagiotidis 2020; Qin et al., 2022).
Hyperspectral imagery enables the retrieval of functional traits, such as
chlorophyll and carotenoids, which reveal nutrient deficiencies and bi-
otic stress caused by pests and diseases (Schneider et al., 2017). Mean-
while, LiDAR provides more three-dimensional tree structural
information, enabling canopy density to be quantified (Acebes et al.,
2021). The identification of tree species can be complicated by the
complex structure of forests and environmental background, especially
due to the similarity of spectral characteristics among different species.
Therefore, incorporating seasonal variations in spectral signatures helps
to improve tree classification (Su et al., 2025). Although this study has
not further explored its potential for AGB and carbon stock estimation,
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we plan to use vitality as a key data source in the future to optimize AGB
modeling performance. In addition, we anticipate that this study will
provide support for future forest management decisions, particularly in
areas such as crop rotation, thinning and planting strategies, and
contribute to long-term forest health monitoring with annual data (Li
et al., 2021b).

5.2. Analysis of carbon stock estimation

Estimating carbon stocks is a core indicator for assessing the buff-
ering capacity of forests against climate change. Compared to previous
studies, the differences in AGB estimation in this paper are primarily due
to variations in the data used. Firstly, AGB estimation is typically based
on the diameter at breast height (DBH) method (Calders et al., 2015).
The acquisition of DBH often requires point cloud data collected by
LiDAR scanning systems, which is more expensive than UAV imagery
(Fan et al., 2024). In contrast, this study primarily estimates AGB using
allometric equations based on tree height and crown width, which are
also highly reliable for both gymnosperms and angiosperms (Jucker
et al., 2017). Secondly, although this study uses RGB imagery as a data
source, the AGB modeling performance achieved is comparable to that
of LIDAR data (Lu et al., 2020; Navarro et al., 2020). Despite the subpar
segmentation and classification results, the estimation of carbon stocks
shows sufficient performance. Broadleaf forests sometimes experience
over-segmentation, which leads to an overestimation of AGB. Addi-
tionally, understory trees can be challenging to segment using only
simple RGB bands (Latifi et al., 2015). Under-segmentation can result in
an underestimation of AGB. Tree species classification is also crucial for
biomass estimation, as it enables the application of different allometric
models that better account for the varying relationships between tree
parameters and biomass across tree species (Wu et al., 2025). The low
classification accuracy of some tree species is due to the small number of
samples and mis-segmentation, which has led to a certain degree of tree
species misclassification. However, the major division of gymnosperms
or angiosperms is not misclassified. Gymnosperms and angiosperms are
already visually distinguished in imagery at a 1.6 cm resolution. Further
investigations will be conducted to refine allometric equations, analyze
variations among tree species, and assess the impact of health conditions
on disparities in carbon sequestration among tree species.

Carbon storage in European mixed forests varies from tens to over a
hundred tons per hectare (Avitabile et al., 2024). Specifically, the car-
bon stock in Germany ranges between 50 and 150 tons of carbon per
hectare (t C/ha), which is consistent with our research findings. Ac-
cording to the 2012 National Forest Inventory (NFI) of Germany,
(Wellbrock et al., 2017) estimated the aboveground carbon storage of
beech forests to be 127t C/ha and that of spruce forests to be 101t C/ha.
Plot-based surveys by (Forster et al., 2021) indicate that mature Scots
pine forests have carbon stock of 86.8 + 24.6 t C/ha, while young Scots
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pine forests average 72.0 + 17.0t C/ha. Natural broadleaf forests display
a higher average carbon stock of 147.2 + 48.8t C/ha. Substantial vari-
ability in carbon storage is observed among different species, years and
regions.

5.3. Potential of dense forest monitoring

Forest inventory could provide essential support for forest manage-
ment in various aspects, such as timber yield estimation and natural
disturbance monitoring, as illustrated in Fig. 10. This study uses UAV
RGB imagery to explore tree attributes at the individual level. However,
the parameters that can be provided by the sole imagery are limited. The
DBH is measured using either point cloud data or field measurements,
which are far more complex than processing imagery. Furthermore,
integrating multiple data sources would present further method chal-
lenges. Although UAV imagery combined with deep learning cannot yet
fully replace traditional forest inventories, it has been shown to be a
cost-effective method of extracting individual tree parameters and has
considerable potential for large-scale applications. Further investigation
will be conducted to evaluate its effectiveness across additional datasets
and regions for coarser resolution data sources. Although UAVs are
limited to regional forest monitoring, they play a crucial role in bridging
the gap between ground-based measurements and satellite observations.
The spatial resolution of satellite remote sensors ranges from 1 m to 1
km, which cannot resolve spatial heterogeneity in a dense forest (Etteieb
et al., 2013). In contrast, the abundant spatial context from ultra-high
UAV images supports individual-tree level information detection, mak-
ing it possible to scale from local forest inventory to regional forest
investigation. Furthermore, the detailed regional forest information
supports the further expansion to country-level forests or even global
forests via satellite imagery (Chen et al., 2024; Lesiv et al., 2022).
Therefore, the ITCMNet method demonstrates the great potential of
portable UAVs to bridge the gap between forest inventory and satellite
imagery for accurate and timely dense forest monitoring at a large scale.

6. Conclusion

This study proposes a comprehensive workflow for forest inventory
and carbon storage estimation using UAV images. Deep learning com-
bines ultra-high resolution remote sensing imagery and ground in-
ventory data to enable automatic tree counting, species classification,
vitality prediction, parameter estimation, and exploration of mixed
forest resource surveys and tree distribution. Meanwhile, the model can
achieve the estimation of forest carbon stock, which has the potential to
be applied to large-scale dense forest carbon stock estimation and
further improve the automation ability of forest resource monitoring.
The results show that the mentioned workflow integrated with UAV data
is portable for individual trees of different species. The ITC segmentation

Forest Vitality Monitoring

Pest and disease control

Wildfire

i Drought
i\ Typhoon

Functional Trait Monitoring

Structural diversity Biodiversity

Forest Management

Carbon sequestration

Fig. 10. Forest inventory data and applications.
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achieved arecall of 0.81, a precision of 0.80, and an F1 score of 0.81. For
tree species classification, the model achieved an accuracy of 0.54 for
angiosperms and 0.76 for gymnosperms. Regarding the classification of
tree vitality levels, the overall F1 reached 0.66 across the three defined
vitality categories. For carbon stock estimation of mixed forest, the R?
reached 0.83, with an rRMSE of 16.42%. Hence, the automation of forest
health monitoring has improved. For different mixed forest areas, large-
scale forest inventory and carbon stock assessment estimation at the
individual tree level provide a sound data basis for forest applications to
support further large-scale dense forest monitoring and management.
On this basis, the research results have the potential to serve as an
important reference for large-scale dense forest mapping, further
enabling the effective integration of ground measurements and spatial
surveying. Hence, applications such as spatio-temporal forest dynamic
monitoring and carbon stock assessment can be multi-dimensionally
supported.

Data availability

Inference results and code are available on the repository (https://
github.com/WendyFan52/ITCMNet). The benchmark data have
already been published (https://www.dlr.de/en/eoc/about-us/rem
ote-sensing-technology-institute/photogrammetry-and-image-
analysis/public-datasets/bamforests), and the tree species and vitality
data are currently being prepared for publication. All the comparison
experiment details and evaluation results were uploaded to GitHub and
repository (https://github.com/QingWWWW/ITCS)(https://github.co
m/WendyFan52/yolov5) (https://zenodo.org/records/18485272).
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