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Abstract: The circumpolar Taiga–Tundra Ecotone significantly influences the feedback mechanism of
global climate change. Achieving large-scale individual tree crown (ITC) extraction in the transition
zone is crucial for estimating vegetation biomass in the transition zone and studying plants’ response
to climate change. This study employed aerial images and airborne LiDAR data covering several
typical transitional zone regions in northern Finland to explore the ITC delineation method based on
deep learning. First, this study developed an improved multi-scale ITC delineation method to enable
the semi-automatic assembly of the ITC sample collection. This approach led to the creation of an
individual tree dataset containing over 20,000 trees in the transitional zone. Then, this study explored
the ITC delineation method using the Mask R-CNN model. The accuracies of the Mask R-CNN
model were compared with two traditional ITC delineation methods: the improved multi-scale ITC
delineation method and the local maxima clustering method based on point cloud distribution. For
trees with a height greater than 1.3 m, the Mask R-CNN model achieved an overall recall rate (Ar)
of 96.60%. Compared to the two conventional ITC delineation methods, the Ar of Mask R-CNN
showed an increase of 1.99 and 5.52 points in percentage, respectively, indicating that the Mask
R-CNN model can significantly improve the accuracy of ITC delineation. These results highlight the
potential of Mask R-CNN in extracting low trees with relatively small crowns in transitional zones
using high-resolution aerial imagery and low-density airborne point cloud data for the first time.

Keywords: individual tree crown delineation; the taiga–tundra ecotone; Mask R-CNN; deep learning

1. Introduction

The Taiga–Tundra Ecotone stretches 13,000 km in the Northern Hemisphere, spanning
three major continents [1]. This critical transitional zone, marking the boundary between
the southern Taiga forests and the northern treeless tundra, plays a pivotal role in sustaining
water cycles, soil conservation, carbon storage, and habitat preservation [2,3]. The vegeta-
tion growth in the ecotone is susceptible to external factors such as climate change [4,5],
making it a significant indicator of climatic change [6,7]. Existing research indicates that
rapid climate warming in the Arctic and Alpine regions is triggering a range of responses
in the ecosystem of the Taiga–Tundra Ecotone [8,9]. These include changes in vegetation
phenology, prolonged growing periods of the forest, and an increase in the height and
coverage of a majority of the grasses and shrubs in tundra areas, as well as the pushing
of trees and shrubs towards higher latitudes and altitudes in the permafrost zone [10–13].
Concurrently, alterations in the carbon cycle and energy balance of the transitional zone
ecosystem have a reciprocal impact on regional and global climate [14,15]. Monitoring the
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vegetation growth within the transitional zone is crucial for quantitatively assessing the im-
pact of climate change on the transitional zone and developing sustainable environmental
management and conservation strategies.

The circumpolar Taiga–Tundra Ecotone covers a vast area at high latitudes, where
vegetation types and densities exhibit transitional characteristics, with an increase in low
plants towards the north. The coniferous trees that grow in this region have relatively
low heights and small crowns compared to the Taiga, and forests are less dense. It is a
challenging task to identify individual trees in the ecotone on a large scale using traditional
field inventory methods. Currently, aerial imagery and high-resolution satellite remote
sensing images allow for the observation of ITCs and show significant differences between
trees and grasslands regarding spatial structure and texture. Airborne Light Detection and
Ranging (LiDAR) data provide elevation information and 3D structures of tree canopies,
effectively distinguishing between vegetation types such as trees, shrubs, and grasslands,
thereby offering a more effective data source for the delineation of ITCs [16]. Undertaking
ITC delineation in transitional zones using high-resolution remote sensing data such as
aerial imagery and airborne LiDAR data not only allows for the monitoring of individual
trees within forested areas but also detects many trees outside of forests.

Over the past three decades, scholars both domestically and internationally proposed
various ITC delineation algorithms, such as the local maximum method, multi-scale analy-
sis method, valley tracking method, template matching method, local ray method, region
growth method, watershed segmentation method, and object-oriented techniques [17–21].
Among these methods, the methods for airborne point cloud data can be divided into
two categories: methods based on canopy height models (CHMs) and point cloud-based
methods. The two commonly used CHM-based ITC delineation methods developed based
on CHMs are the multi-scale analysis and the watershed segmentation methods. The multi-
scale segmentation method can continuously represent the diverse scales of tree crowns,
reducing crown merging and under-segmentation caused by sparse scales [22,23]. For
example, Chen et al. [24] utilized a marker-controlled watershed segmentation method
based on CHMs for ITC delineation in sparse savanna woodlands, achieving an accu-
racy of 64.1%. Jing et al. [25] introduced the Multi-Scale Adaptive Segmentation (MSAS)
method based on CHMs to accurately delineate approximately 69%, 65%, and 73% of tree
crowns in coniferous, deciduous, and mixed forests. The MSAS method primarily relies
on the brightness information of a single spectral band. Incorporating more multispectral
information will be a focus of future research [26]. The point cloud-based methods for
ITC delineation include clustering algorithms and region-growing methods. For example,
Wu et al. [27] utilized a region-growing method based on point cloud distribution for
artificial forest ITC delineation, achieving an accuracy of 83%. Zhang et al. [28] used an
improved clustering algorithm with direct point cloud data for ITC delineation in an urban
forest, achieving an accuracy of 93.5%. Li et al. [29] proposed a local maximum clustering
approach based on point cloud distribution, achieving a recall of 86% in the ITC delineation
of mixed coniferous forests in the Nevada Mountains of California. Li’s method avoided
information loss and errors due to data interpolation and smoothing during the CHM
creation. However, this approach cannot delineate tree crown boundaries, significantly
limiting the accuracy. A large amount of point cloud data increases processing time, which
is not conducive to large-scale ITC delineation. Although the traditional ITC delineation
methods have the advantages of a simple algorithm and low calculation amount, they need
to adjust parameters manually, the parameter settings depend on expert knowledge, and
the robustness of traditional methods is relatively poor, significantly reducing the efficiency
and automaticity of ITC delineation [30].

The advent of deep learning (DL) technology has propelled the interpretation of re-
mote sensing imagery towards automation and intelligence [31,32]. Convolutional Neural
Networks (CNNs) represent a significant algorithm in deep learning and have been ex-
tensively applied for object detection, boasting advantages such as fast recognition speed,
high accuracy, minimal feature requirements, and self-training capabilities [33]. In the archi-
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tecture of CNNs, the Mask Region-based Convolutional Neural Network (Mask R-CNN)
stands out [34]. Building on the traditional object detection algorithm Fast Region-based
Convolutional Network (Fast R-CNN), Mask R-CNN integrates the semantic segmentation
algorithm of Fully Convolutional Networks to generate a corresponding mask prediction
branch. Further, Mask R-CNN introduced the Region of Interest (ROI) Align strategy,
thus rectifying the pixel misalignment problem present in ROI Pooling, achieving higher
accuracy while maintaining speed [35]. In recent years, deep learning has shown great
potential in ITC delineation research [36–38]. Brandt et al. [39] employed U-Net for ITC
delineation using sub-meter resolution satellite imagery and mapped individual trees
with a crown size over 3 m2 for a study area of 1.3 million square kilometers in West
Africa. Braga et al. [40] conducted an ITC delineation study in a region of Brazil using
Mask R-CNN on 0.5 m resolution WorldView-2 satellite images, achieving an accuracy
of 91% and a recall of 81%. Erdem et al. [41] used Mask R-CNN to detect apricot trees
from aerial imagery, achieving an accuracy of 98.7% and a recall of 99.7%, outperforming
U-Net. Perez et al. [42] achieved an accuracy of 82% in the delineation of individual pine
tree crowns using Mask R-CNN, which was about 10 points in percentage higher compared
to the YOLO model. These studies indicated that Mask R-CNN demonstrates exceptional
performance in ITC delineation.

Some studies have utilized airborne laser scanning data to detect small pioneer trees
in the Taiga–Tundra Ecotone [43,44]. Most existing ITC delineation research in this ecotone
utilizes high-density point cloud data [45–52]. Næsset and Nelson [45] monitored tree
migration in northern Alpine transitional zones using point cloud data with a density of
7.7 pts/m2. Thieme et al. [46] used point cloud data with densities of 6.8 and 8.5 pts/m2

for ITC delineation in the Taiga–Tundra Ecotone, achieving an accuracy of 90% for trees
higher than 1 m. Hauglin et al. [47] monitored small individual trees in the Taiga–Tundra
Ecotone using multi-temporal point cloud data with densities of 8~15 pts/m2. As point
cloud density increases, ITC delineation accuracy significantly improves [48–50]. However,
due to random errors such as sampling density, system errors, and forest environmental
interference, the point cloud density of LiDAR data obtainable in some forest areas is lim-
ited. Methods for ITC delineation in transitional zones using airborne LiDAR data with a
relatively low density still require further research. On the other hand, a single data source
contains only limited feature information, which restricts the accuracy of ITC delineation
and individual tree species classification. More in-depth research shows that combining
high-resolution aerial imagery with airborne LiDAR data can improve accuracy [51–53].
This is mainly due to the complementary advantages of the high spatial resolution of
aerial imagery and the 3D structural information provided by LiDAR data. Existing studies
have primarily used traditional ITC delineation methods, such as watershed segmentation
algorithms based on CHMs and clustering algorithms based on point clouds [51,53], which
are difficult to apply on a large scale. There is an urgent need to explore ITC delineation
methods and models based on deep learning to meet the demand for large-scale ITC extrac-
tion in the transition zone. Additionally, one of the main challenges currently facing CNNs
(including Mask R-CNN) is acquiring a sufficient number of high-quality sample training
sets for the training of CNNs [54,55]. Obtaining the sample sets was also a primary issue
that needs to be resolved for large-scale individual tree delineation in transitional zones.

This study combined the advantages of high-resolution aerial imagery and low-density
airborne LiDAR data to explore the potential of mapping ITCs based on deep learning
on a large scale in the Taiga–Tundra Ecotone. The main contributions of this study are as
follows: First, the feasibility of using deep learning and low-density point cloud data (point
cloud density of 0.8~1.1 pts/m2) for large-scale individual tree extraction in the transition
zone was verified for the first time. Second, an improved multi-scale ITC delineation
method was proposed in this work to facilitate the semi-automatic acquisition of ITC labels.
Third, an individual tree sample set containing over 20,000 trees in the transitional zone
was constructed and the trained Mask R-CNN model obtained by training the sample can
provide data and technical support for large-scale ITC delineation within the transitional
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zone. The subsequent sections of this study are organized as follows: Section 2 describes
the background of the study area, data collection, and preprocessing. Section 3 details
the semi-automatic construction process of the sample set, ITC delineation methods, and
accuracy evaluation metrics. Section 4 presents the results and accuracy of different ITC
delineation algorithms. Section 5 compares the methods and results of this study with
other similar research and discusses factors affecting accuracy. Finally, Section 6 presents
this study’s main conclusions and explores the application prospects of ITC delineation
research in transitional zones.

2. Study Area and Data
2.1. Study Area

The study area is located in the northern part of Lapland Province, Finland, within the
circumpolar Taiga–Tundra Ecotone. The latitude of the study area ranges from 69◦23′27′′ to
70◦5′45′′N, and the longitude ranges from 25◦51′25′′ to 29◦20′10′′E (Figure 1). This region
experiences cold winters and relatively warm summers. The snowy period persists from
October to May or June of the following year [56], with a vegetation growing period of
less than four months and annual precipitation ranging between 400 and 600 mm [57].
The predominant vegetation types in the study area include coniferous trees, deciduous
trees, cold-resistant low shrubs, mosses, and lichens. The main tree species are Scots pine
(Pinus sylvestris L.), Norway spruce [Picea abies (L.) Karst.], and the mountain birch (Betula
pubescens subsp. czerepanovii Ehrh.), distributed from south to north, respectively [11,58].
The soil in the area is relatively infertile. Trees grow slowly, with relatively low heights and
small crowns. The stands are sparse, and there is limited vegetation diversity.

For this study, five plots and nine training areas were selected for testing and train-
ing, respectively. The tree species predominantly include Scots pine and Norway spruce.
Figure 1a shows the locations of these areas. Visual interpretation results were used as
reference samples for accuracy evaluation and comparative analysis. The false color aerial
orthophotos of the five plots are shown in Figure 1b–f.
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Figure 1. The location of the study area and the distribution of images used for training and validation.
(a) The location of the study area; (b–f) the false color aerial orthophotos of the five validation areas
of plot 1, plot 2, plot 3, plot 4, and plot 5, respectively (shown in a combination of near-infrared, red,
and green bands).

2.2. Data Collection
2.2.1. Image Collection and Preprocessing

The aerial orthophotos and airborne LiDAR data used in this work were provided
by the Finnish National Land Survey Authority (URL: https://asiointi.maanmittauslaitos.
fi/karttapaikka/tiedostopalvelu (accessed on 26 September 2022)). The aerial images had
189 image slices with a spatial resolution of 0.5 m and a size of 6000 × 6000 pixels. The
airborne LiDAR data corresponding to an image slice of the aerial image were recorded
in four parts. The point cloud density varied from 0.8 to 1.1 pts/m2, which is relatively
low. The acquired date of the aerial images and LiDAR data ranged from 2014 to 2022. The
details of the training and testing areas are listed in Table 1, which also shows the temporal
variation between an aerial image and the corresponding LiDAR data. The aerial images
had a positional accuracy ranging from 0.5 to 2 m, whereas the elevation accuracy of the
LiDAR data was 0.15 m. The aerial images comprised four spectral bands: near-infrared,
red, green, and blue. The airborne LiDAR data were acquired using a Leica ALS70-HP
scanner equipped on an aircraft with flight altitudes between 2500 and 2874 m.

Table 1. Size and acquisition time of aerial imagery and airborne LiDAR data.

Area ID Image Size (Pixels)
Acquisition Time

Aerial Imagery Airborne LiDAR Data

Validation areas

Plot 1 192 × 226 2022 2015.08
Plot 2 560 × 500 2021 2018.09
Plot 3 300 × 250 2022 2015.08
Plot 4 935 × 635 2014 2018.07
Plot 5 1165 × 725 2021 2018.07

Training areas

T1 865 × 493 2022 2015.08
T2 1806 × 1555 2022 2015.08
T3 1715 × 1115 2022 2015.08
T4 1389 × 1383 2022 2015.08
T5 1650 × 1140 2014 2018.07
T6 2100 × 2025 2014 2018.07
T7 1695 × 1130 2021 2018.07
T8 665 × 660 2021 2018.07
T9 810 × 660 2021 2018.07

The CHM of the study area was derived from the airborne LiDAR data using the ENVI
LiDAR module in ENVI 5.3 software. First, by preprocessing the airborne LiDAR data,
ground points and non-ground points were separated. Then, the Triangulated Irregular
Network (TIN) algorithm was used to interpolate the separated ground and non-ground
points to generate Digital Elevation Models (DEMs) and Digital Surface Models (DSMs).
Finally, a 1 m resolution CHM was produced by performing raster differencing operations

https://asiointi.maanmittauslaitos.fi/karttapaikka/tiedostopalvelu
https://asiointi.maanmittauslaitos.fi/karttapaikka/tiedostopalvelu
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(subtracting the DTM from the DSM). Figure 2 shows the CHM of plot 2 and the corre-
sponding individual tree 3D imagery. The initially generated CHM exhibited “holes”, as
shown in Figure 3a. The “holes” destroyed the integrity of the morphological structure of
tree crowns (Figure 3b), severely impacting the precision of ITC delineation [59]. Therefore,
smoothing filters were commonly used to optimize the CHM before ITC delineation. This
study compared the effects of three filters, which are the low-pass, median, and Gaussian
low-pass filters. In contrast, as shown in Figure 3c,d, the low-pass filter effectively removed
“holes” while preserving canopy surface structures and tree crown edge information, main-
taining high consistency with the original point cloud data. Consequently, the low-pass
filter was selected for CHM optimization in this study.
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2.2.2. Validation Data

Using aerial imagery and CHMs, ITCs of the five plots were manually delineated to
serve as reference data for assessing the accuracies of ITC delineation methods. In this
study, only trees higher than 1.3 m were delineated, and only crowns with clear boundaries
and accompanying shadows were outlined. A few small trees were under the shadow of
adjacent tall trees and thus excluded from visual interpretation due to uncertainties. A
total of 1558 tree crowns were delineated from the five plots, which have a total area of
459,186 m2. The area of these tree crowns ranged from 3.50 to 90 m2, and the average area
was 21.94 m2. The tree heights varied from 1.30 to 13.83 m, and the average height was
4.47 m. Table 2 shows the area, number of tree crowns, and the minimum, maximum, and
average values of tree crown area and height of each plot. Figure 4 shows some of the
manually delineated tree crowns.

Table 2. The area, number of tree crowns, crown area, and tree height of the five plots used for validation.

Area ID Area (m2) Number of ITCs
Area of ITCs (m2) Height (m)

Minimum
Value

Maximum
Value

Average
Value

Minimum
Value

Maximum
Value

Average
Value

Plot 1 10,848 93 5.50 50.25 21.02 1.54 13.83 8.99
Plot 2 70,000 346 4.00 90.00 18.94 1.41 8.24 3.94
Plot 3 18,750 226 5.25 81.00 24.43 1.40 12.49 6.17
Plot 4 148,431 562 3.50 80.00 23.25 1.39 8.12 4.17
Plot 5 211,156 331 3.75 72.25 21.38 1.30 7.75 3.09
Total 459,186 1558 3.50 90.00 21.94 1.30 13.83 4.47
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3. Methodology
3.1. Semi-Automatic Construction of Sample Sets
3.1.1. Improved Multi-Scale Method for ITC Delineation

This study employed an improved multi-scale ITC delineation method for the semi-
automatic acquisition of ITC labels using the combination of CHMs and NDVI. As an
improved version of the MSAS method proposed by Jing et al. [25], the method is henceforth
referred to as the improved MSAS method. The improved MSAS method made several
revisions to adapt to the background and available data of the study area. First, non-
vegetation areas were eliminated by applying a threshold on NDVI. Further, the Gaussian
filter employed by the original method was omitted for the following reasons: (i) The tree
crowns of the five plots are relatively small and low, and the main tree species are conifers
with regular crown shapes (round or oval); therefore, the branches have little influence on
delineation. (ii) The point cloud data used in this study have a relatively low density.

The workflow of the improved MSAS method is presented in Figure 5. The main
processing steps include scale analysis, removal of non-vegetation areas, multi-scale ITC
delineation algorithm, and optimization of ITC delineation results. The details of these
steps are introduced in the following paragraphs.
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(1) Scale analysis

In this study, the scale analysis technique [60] was utilized to determine the dominant
size of target tree crowns. First, the open morphological operation was applied to the CHM
of training areas (Figure 6) [61,62]. An example of a CHM image is shown in Figure 6a,
with the corresponding aerial image of the area presented in Figure 6b. A series of mor-
phologically opened images were generated using a series of disk structural elements (SEs)
with diameters ranging from 3 to 23 pixels in an increment of 2 pixels. Then, the difference
image was computed for any two consecutive opened images, and the mean value of each
difference image was calculated. The curve of all the mean values of the different images
derived from the series of opened images is shown in Figure 6c. A local minimum occurs
when there are significant differences in object sizes between two adjacent opened images.
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Therefore, the curve of these mean values reveals the dominant sizes of the objects in the
image. Due to the relatively small size of the tree crowns in the study area, the diameters
3, 5, and 7 pixels (1.5 m, 2.5 m, and 3.5 m) were considered as dominant tree crown sizes,
representing small, medium, and large tree crowns, respectively, which were then selected
as scales employed in the multi-scale ITC delineation.
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of morphologically opened images of the CHM. (a) A sub-area of the CHM; (b) the corresponding
false color aerial imagery of (a); and (c) the mean values of the different images derived from a series
of opened images obtained from the CHM using a disk SE with a gradually increasing diameter.

(2) Remove non-vegetation areas

NDVI, CHM height values, and shadow areas were employed to reduce the impact of
other image objects in this study. First, a reasonable NDVI threshold was established by
analyzing the difference in NDVI values between tree crowns and non-tree crown areas
such as water, artificial buildings, bare soil, grassland, and shrubs, effectively reducing the
influence of non-vegetation objects on the accuracy of ITC delineation. After that, according
to the height distribution of trees in the study area, pixels with CHM values lower than
0.7 m were eliminated, as they were more likely to be shrubs or ground objects. Then, the
threshold of the shadow area was used to accentuate gaps between tree crowns, facilitating
the segmentation of adjacent crowns. At the same time, the objects smaller than a quarter
of the shadow area threshold were removed from the imagery.

(3) Multi-scale ITC delineation method based on CHMs

First, branches and tree crowns with diameters less than 3 pixels were removed. Then,
the local maxima method was used to detect the initial tree tops, and the multi-scale ITC
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slices were extracted using disk SEs, according to the scale analysis results. The initial
tree tops were then refined using shape parameters (height, roundness, and aspect ratio),
leading to the integration of multi-scale tree crown slices. Finally, the integrated tree crowns
were used as markers for marker-controlled watershed segmentation.

(4) Optimization of ITC delineation results

Due to uneven and discontinuous tree crowns, the segmentation results may include
isolated points, fragmented patches, and internal holes. The optimization steps in this
study include eliminating polygons with a diameter area of less than 3 pixels (1.5 m), filling
in internal holes, and finally outputting an optimized binary tree crown segmentation
image to ensure complete closure of the tree crown.

3.1.2. Construction of Sample Set

This study selected regions with typical tree distribution as the validation areas, and
9 sub-areas were selected near the validation areas as the training areas, covering single
trees of different heights and crown areas, providing sufficient training samples for the
deep learning model. The improved MSAS method used in this study was implemented
using Matlab software (version R2021b). First, preliminary ITC delineation results for
the nine training areas were obtained using the improved MSAS method. Subsequently,
manual optimization of tree crowns was performed with the assistance of high-resolution
aerial imagery and CHMs, significantly improving the efficiency of sample delineation.
Some research indicates that the combination of multispectral images and elevation data
(DSM or CHM) as the input of CNNs can improve accuracy [63,64]. Based on the above
research conclusions, this study employed a combination of NIR, R, and G bands, and
CHMs as the input image of Mask R-CNN.

A number of 20,753 tree crowns were delineated from the nine selected sub-areas
covering a total area of 8 km2, which were then used to generate training samples. One of
the nine training images and a sub-image are shown in Figure 7. The five plots covering a
total area of 459,186 m2 with 1558 manually delineated tree crowns were used as the testing
images. Thus, a total number of 22,687 tree crowns were included in the training and testing
images. The training images were clipped with a size of 128 × 128 pixels to generate the
sample images. To address the issue of split-edge tree crowns, a stride (overlap degree) of
50% was set to ensure complete capture of each tree crown. Data augmentation was per-
formed on the original sample images to mitigate the risk of overfitting through horizontal
flipping, vertical flipping, and rotations of 90◦, 180◦, and 270◦, as shown in Figure 8. The
augmented sample set consisted of 31,007 sample images and their corresponding labels.
These were randomly divided into training and validation sets with a ratio of 7:3.

Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 27 
 

 

 
Figure 7. One of the nine training images and a sub-image of the training image. (a) One of the nine 
training images; (b) a sub-image of (a) and training patterns; (c) CHM of the sub-image; and (d) 
CHM of the sub-image and training patterns. 

Figure 7. Cont.



Remote Sens. 2024, 16, 3920 11 of 25

Remote Sens. 2024, 16, x FOR PEER REVIEW 12 of 27 
 

 

 
Figure 7. One of the nine training images and a sub-image of the training image. (a) One of the nine 
training images; (b) a sub-image of (a) and training patterns; (c) CHM of the sub-image; and (d) 
CHM of the sub-image and training patterns. 

Figure 7. One of the nine training images and a sub-image of the training image. (a) One of the nine
training images; (b) a sub-image of (a) and training patterns; (c) CHM of the sub-image; and (d) CHM
of the sub-image and training patterns.

Remote Sens. 2024, 16, x FOR PEER REVIEW 13 of 27 
 

 

 
Figure 8. The workflow for ITC delineation using Mask R-CNN. The FCN generates labels and 
bounding boxes for each object, and the Fully Convolutional Nets produce masks including the 
pixels of each object. 

3.2. Training and Application of the Mask R-CNN Model 
3.2.1. Instance Segmentation with Mask R-CNN 

Mask R-CNN is a multi-task model integrating object detection and semantic seg-
mentation, which can realize end-to-end training. It assigns specific numbers for identify-
ing each object and precisely delineates the boundaries of target objects at the pixel level 
[35]. Figure 8 shows the workflow of ITC delineation using Mask R-CNN, with the fol-
lowing main processing steps: (i) The preprocessed images were input into the pre-trained 
neural network ResNet-50 to extract feature maps. (ii) These feature maps were fed into 
the Region Proposal Network (RPN) to select the Regions of Interest (ROIs). (iii) The ROI 
Align operation was applied to these ROIs, transforming all ROIs into a uniform shape. 
(iv) A Fully Connected Network (FCN) was employed to determine the class (label) of 
objects and refine the position and size of bounding boxes to encapsulate the objects. (v) 
Fully Convolutional Nets generated masks by identifying pixels belonging to each tree 
crown. 

3.2.2. Training and Prediction of Mask R-CNN Model 
The Mask R-CNN model was trained using the above samples (Section 3.1.2). After 

evaluating the performance of different backbone models [55], ResNet-50 was chosen as 
the pre-trained model for this study. Training stopped when the model ceased showing 
improvement (no validation loss reduction within five epochs). The model’s learning rate 
and number of iterations were set at 2.2909 × 10−5 and 39, respectively. The trained model 
was then applied to the five plots with the following prediction parameters: (i) To reduce 
information loss caused by the contraction of effective edge pixels, a Padding parameter 
was set, adding extra rows or columns of pixels around the input image’s outer edges. (ii) 
The confidence threshold was adjusted to determine whether objects within the bounding 

Figure 8. The workflow for ITC delineation using Mask R-CNN. The FCN generates labels and
bounding boxes for each object, and the Fully Convolutional Nets produce masks including the pixels
of each object.

3.2. Training and Application of the Mask R-CNN Model
3.2.1. Instance Segmentation with Mask R-CNN

Mask R-CNN is a multi-task model integrating object detection and semantic segmen-
tation, which can realize end-to-end training. It assigns specific numbers for identifying
each object and precisely delineates the boundaries of target objects at the pixel level [35].
Figure 8 shows the workflow of ITC delineation using Mask R-CNN, with the following
main processing steps: (i) The preprocessed images were input into the pre-trained neural
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network ResNet-50 to extract feature maps. (ii) These feature maps were fed into the Re-
gion Proposal Network (RPN) to select the Regions of Interest (ROIs). (iii) The ROI Align
operation was applied to these ROIs, transforming all ROIs into a uniform shape. (iv) A
Fully Connected Network (FCN) was employed to determine the class (label) of objects
and refine the position and size of bounding boxes to encapsulate the objects. (v) Fully
Convolutional Nets generated masks by identifying pixels belonging to each tree crown.

3.2.2. Training and Prediction of Mask R-CNN Model

The Mask R-CNN model was trained using the above samples (Section 3.1.2). After
evaluating the performance of different backbone models [55], ResNet-50 was chosen as
the pre-trained model for this study. Training stopped when the model ceased showing
improvement (no validation loss reduction within five epochs). The model’s learning rate
and number of iterations were set at 2.2909 × 10−5 and 39, respectively. The trained model
was then applied to the five plots with the following prediction parameters: (i) To reduce
information loss caused by the contraction of effective edge pixels, a Padding parameter was
set, adding extra rows or columns of pixels around the input image’s outer edges. (ii) The
confidence threshold was adjusted to determine whether objects within the bounding boxes
were positive or negative samples. In this study, objects with a confidence score higher
than 0.2 were considered positive samples, while those below 0.2 were considered negative
samples or backgrounds, thereby preserving the best candidate boxes. (iii) Perform non-
maximal suppression to remove overlapping tree crowns with lower confidence scores;
the maximum overlap ratio was set to 0 [65]. The model was implemented in the ArcGIS
API for Python, with the following hardware configuration used for model training and
application: (i) Operational System: Windows 10; (ii) CPU: Intel(R) Xeon(R) W-2245 CPU
@ 3.90 GHz (16 CPUs), ~3.91 GHz; (iii) GPU: NVIDIA GeForce RTX 3080, 10 GB; and
(iv) RAM: 64.0 GB.

3.3. Comparison Methods and Accuracy Evaluation Indicators
3.3.1. Comparison with Traditional ITC Delineation Methods

This study considered two traditional ITC delineation methods compared to the Mask
R-CNN approach. The first method is the improved MSAS method (Section 3.1.1), whereas
the second is a local maximum clustering approach based on point cloud distribution
proposed by Li et al. [29].

Li’s method performs ITC delineation directly based on point cloud distribution,
utilizing the principle of local maximum clustering. Figure 9 shows the workflow of ITC
delineation using Li’s method. First, the point cloud data were preprocessed to separate
ground points from non-ground points. Kriging is then used to interpolate the ground
points, generating a 1 m resolution DEM. After that, the non-ground points were normalized
using the DEM to remove the influence of topographic relief on the elevation values of
the point cloud data. The normalized point cloud data were iteratively classified from the
highest to the lowest points into two classes: target and adjacent trees. Points with spacing
smaller than the threshold were classified based on a minimum spacing rule. The process
was iterated until all point clouds were classified and iteration ceased.
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3.3.2. Accuracy Indices

To quantitatively assess accuracy, delineated tree crowns were classified into five
categories according to their spatial relationship with reference tree crowns (manually
delineated tree crowns) as shown in Figure 10 [25,60,66]: (i) Nearly matched: Only one
of the reference or target tree crowns has an overlap area greater than 50% with the other.
(ii) Matched: Both the reference and target tree crowns have a mutual overlap area greater
than 50%. (iii) Merged: Multiple reference tree crowns are covered by a single target tree
crown with an overlap area exceeding 50%, implying that multiple reference tree crowns
are merged into a single target tree crown. (iv) Split: Multiple target tree crowns are covered
by a single reference tree crown with an overlap area exceeding 50%, signifying that a
single tree crown is split into multiple target tree crowns. (v) Missing: The reference tree
crown overlaps less than 50% with any target tree crown and more than 50% with the
background, indicating that the crown is omitted. Based on these category definitions, the
sum of nearly matched and matched tree crowns is considered correctly delineated and
classified as True Positives (TPs). False Positives (FPs): The model predicted that there is a
tree, and it is incorrect. False Negatives (FNs): The model predicted that there is no tree,
and it is incorrect.
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The recall (Ar), delineation accuracy (Ad), and F-measure (F) were used to evaluate
the accuracy of ITC delineation. For reference and target tree crowns, the Intersection over
Union (IoU), the ratio of the intersection to the union of their areas, is calculated to assess
the accuracy of the tree crown polygons. The IoU was considered acceptable when it was
higher than 0.5. The specific formulas for these evaluation metrics are as follows:

Ar =
TP
Nr

× 100% (1)

Ad =
TP
Nt

× 100% (2)

F =
2 × Ar × Ad

Ar + Ad
(3)

IoU =
TP

FP + TP + FN
(4)

where TP is True Positive, indicating the number of correctly delineated tree crowns in the
target canopy; Nr is the total number of tree crowns in the reference canopy; Nt is the total
number of tree crowns in the target canopy; FP is False Positive; and FN is False Negative.

4. Results

The trained Mask R-CNN model was applied to predict the ITCs of the five plots. We
assessed accuracy using 1558 manually delineated tree crowns. The accuracies of the three
ITC delineation methods are shown in Tables 3 and 4. Figures 11–14 present the reference
tree crowns and the delineation results of the three methods.
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Table 3. The accuracy metric of Mask R-CNN for individual trees higher than 1.3 m in each plot.

Area ID
Target
Tree

Crowns

Reference
Tree

Crowns

Nearly
Matched Matched Merged Missing Split Ad

(%)
Ar

(%)
F

(%)
IoU
(%)

Plot 1 92 93 3 89 0 1 0 100.00 98.93 99.46 98.92
Plot 2 339 346 78 247 2 17 2 95.87 93.93 94.89 90.28
Plot 3 239 226 5 211 4 6 0 90.38 95.58 92.90 86.75
Plot 4 564 562 15 530 3 10 4 96.63 96.98 96.80 93.80
Plot 5 334 331 4 323 1 2 1 97.90 98.79 98.35 96.75

Table 4. Overall ITC delineation accuracy of different algorithms.

Algorithms Target Tree
Crowns

Reference
Tree Crowns

Correctly Delineated
Tree Crowns

Ad
(%)

Ar
(%)

F
(%)

IoU
(%)

Mask R-CNN 1568 1558 1505 95.98 96.60 96.29 92.84
The improved MSAS method 1744 1558 1474 84.52 94.61 89.28 80.63

Li’s method 1635 1558 1419 86.79 91.08 88.88 79.99

As shown in Table 3, the Ar of Mask R-CNN at five plots ranged from 93.93% to 98.93%.
Specifically, 92 tree crowns of the 93 reference tree crowns were accurately delineated in
plot 1, achieving the highest Ad, Ar, F, and IoU of 100.00%, 98.93%, 99.46%, and 98.92%,
respectively. In contrast, 325 tree crowns were correctly delineated for plot 2, offering the
lowest Ar of 93.93%. Twenty-one crowns were misidentified, of which 17 crowns were
missing due to the relatively small crown area. As shown in Table 2, plot 2 had an average
tree crown area of 18.94 m2, which is the smallest among the five plots. The relatively
smaller tree crown sizes contribute to the lower accuracy of plot 2. The Ad of Mask R-CNN
at five plots ranged from 90.38% to 100.00%. Specifically, plot 1 achieved the highest Ad of
100.00%, with 92 tree crowns accurately delineated and one tree crown missing. In contrast,
plot 3 yielded the lowest Ad of 90.38%. As shown in Figures 12–14, the tree density and
complexity of plot 3 were significantly higher than plot 5, with an Ar of 95.58% for plot 3
and 98.79% for plot 5, which was 3.21 percentage points higher than plot 3. The tree density
of plot 4 was higher than plot 3 but lower than plot 5, with an Ar of 96.98%, which was
1.4 percentage points higher than plot 3 and 1.81 percentage points lower than plot 5. As
shown in Table 2, all of the reference tree crowns exceed an area of 3 m2. The area of 3 m2

corresponds to an area covering 12 pixels in 0.5 m resolution aerial imagery and 3 pixels
in the 1 m resolution CHM. These conclusions indicate that the high-resolution aerial
imagery combined with low-density point cloud data used in this experiment achieved
high accuracy for tree crowns larger than 3 m2.
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Figure 11. The reference tree crowns (a) and the ITC delineation results of plot 1 using Mask R-CNN
(b), the improved MSAS method (c), and Li’s method (d). The tree crowns are shown in polygons
with different colors. The reference tree crowns (e) and the ITC delineation results of plot 2 using
Mask R-CNN (f), the improved MSAS method (g), and Li’s method (h); (i–l) are the local detail maps
of (e–h), respectively.

The results in Table 4 show that the overall Ar of Mask R-CNN reaches 96.60%, indi-
cating that the model achieves high ITC delineation accuracy. The improved MSAS method
delineated 1474 ITCs out of the 1558 reference tree crowns of the five plots, achieving Ar,
Ad, F, and IoU values of 94.61%, 84.52%, 89.28%, and 80.63%, respectively. Compared to
the improved MSAS method, the overall Ar, Ad, F, and IoU of Mask R-CNN improved by
1.99, 11.46, 7.01, and 12.21 points in percentage, respectively. The number of delineated tree
crowns decreased by 176, and the number of correctly delineated tree crowns increased by
31. As shown in Figure 12f,g, Mask R-CNN outperformed the improved MSAS method in
distinguishing between tree crowns and shrubs, resulting in fewer incorrectly delineated
tree crowns. Li’s method delineated 1419 ITCs, achieving Ar, Ad, F, and IoU values of
91.08%, 86.79%, 88.88%, and 79.99%, respectively. Compared to Li’s method, Mask R-CNN
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showed improvements of 5.52, 9.19, 7.41, and 12.85 points in percentage in Ar, Ad, F, and
IoU, respectively. The number of delineated tree crowns decreased by 67, and the number
of correctly delineated tree crowns increased by 86. It can be seen from the local details
shown in Figure 11j,l that the contours of the delineated tree crowns obtained by Mask
R-CNN were more accurate than those of Li’s method. The results demonstrated that
Mask R-CNN significantly improves ITC delineation precision for trees higher than 1.3 m
compared to traditional methods, which is consistent with the results of Yu et al. [67].
Yu et al. [67] also showed that the ITC delineation accuracy of Mask R-CNN outperformed
those of the local maxima algorithm and the marker-controlled watershed segmentation
method. The accuracy of ITC delineation was influenced by various factors, the sources of
error or uncertainty in ITC results include factors such as shape and density of tree crowns,
occlusion between trees, and image quality.
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Figure 13. The reference tree crowns (a) and the ITC delineation results of plot 4 using Mask R-
CNN (b), the improved MSAS method (c), and Li’s method (d) The tree crowns are shown in polygons
with different colors. (e1–h2) are the local detail maps of (a–d), respectively.

Deep learning exploits end-to-end learning to extract information from multiple image
layers, avoiding the subjectivity of traditional feature extraction methods. It boasts rapid
identification, high accuracy, minimal feature requirements, and self-training capabilities.
In experimental comparisons with other instance segmentation architectures, Mask R-CNN
has demonstrated superior performance [35]. It integrates the tasks of object detection and
semantic segmentation. However, deep learning methods require additional training sets
for model training, which requires the computer to have solid computational power in
addition to a large number of training samples. Although the application of deep learning
in forestry remote sensing is still in the initial stage, it has a broad prospect in forest surveys
with significant advantages.
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Figure 14. The reference tree crowns (a) and the ITC delineation results of plot 5 using Mask R-
CNN (b), the improved MSAS method (c), and Li’s method (d) The tree crowns are shown in polygons
with different colors. (e1–h2) are the local detail maps of (a–d), respectively.

5. Discussion
5.1. Comparison with Other Similar Studies

This study achieved outstanding accuracies compared to existing studies on ITC
delineation using deep learning, although it showed significant differences in the study
area background and data.

(1) First, there are differences in forest land types. Hao et al. [63] utilized Mask R-CNN for
detecting young Chinese fir (1~4 m) in a young plantation forest, achieving an F1 score
of 84.68% and an IoU of 91.27%. Specifically, the plantation included only a single tree
species (Chinese fir) with a relatively low height, the distribution and shape of which
were relatively regular. In contrast, the plots in this study primarily included natural
coniferous trees (Scots pine and Norway spruce), with a more irregular distribution of
individual trees and crown shapes, making it more difficult to delineate.

(2) In addition, there is a difference in the height of individual trees. Dersch et al. [68]
employed Mask R-CNN for ITC delineation in a coniferous forest with Norway spruce
as the dominant tree species, achieving an F1 score of 92% and an accuracy of 85%.
The height of the trees in the test area ranged from 19 to 35 m, and this study excluded
point cloud data below 10 m to focus just on trees taller than 10 m, thereby avoiding
confusion between trees and shrubs. The heights of the individual trees in this study
area ranged from 1.30 to 13.83 m and an average height of 4.47 m (Table 2). Although
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the trees in this study area were relatively low, the Ar for trees higher than 1.3 m still
reached 96.60%, providing an F1 score of 96.29%.

(3) Differences in density and complexity. Weinstein et al. [69] employed LiDAR data
(with a density of 4–6 points/m2) and RGB images (at a resolution of 0.5 m), leveraging
deep learning techniques to identify individual trees within four distinct forest types:
Oak Woodland, Mixed Pine, Alpine, and Eastern Deciduous. The Alpine forest is
close to the treeline, and the major tree species in the Alpine forest are subalpine fir
and Englemann spruce. The study area of this work was located in the transitional
zone, similar to the Alpine forest, and the trees in this region were small and low.
The study of Weinstein et al. [69] indicated that the best performance was achieved in
open-canopy forests with large, well-spaced trees, such as the Oak Woodland forest. In
contrast, the Alpine forest showed the greatest challenge, where short and small trees
posed a significant obstacle compared to the complex, interconnected tree boundaries
observed across other forest types. The smaller tree sizes in the Alpine forest and
the transitional zone forests make them more susceptible to variations in the spatial
resolution of the data used. As the major dataset of this work, the CHM derived from
the low-density LiDAR data was crucial. However, the 1 m spatial resolution CHM
and the 0.5 m resolution aerial imagery were adequate for large trees, but smaller trees
may be missed.

(4) The aerial imagery utilized in this study was recorded in 8 bit, with pixel values
ranging from 0 to 255. The imagery might be a radiometrically stretched version rather
than the original raw imagery. Further, there was a temporal discrepancy between the
LiDAR data and the aerial imagery used in this study (Table 1). Although there were
few human activities in the study area where the vegetation showed minor changes,
there were still some differences in the land cover and canopy shadows between the
data recorded in different time phrases, which might have a certain degree of impact
on the accuracy.

Despite these limitations in data quality, the Mask R-CNN model employed in this
study still achieved outstanding performances. Compared to other ITC delineation studies
conducted in the transitional zone using point cloud data, this research obtained a higher
accuracy [43,44,46]. The results demonstrated the potential of applying the Mask R-CNN
model and low-density point cloud data for ITC delineation in the Taiga–Tundra Ecotone.

5.2. Semi-Automatic Acquisition of Training Sample Set

In this study, trees in the Taiga–Tundra Ecotone were relatively low and their crowns
were small. Manual delineation of sufficient samples within the study area is time-consuming.
However, the construction of high-accuracy deep learning models heavily depends on
a large number of training samples. This study combined automated ITC delineation
methods with manual visual inspection and optimization to construct the ITC sample set,
significantly improving the efficiency of sample delineation. The improved MSAS method
was employed to obtain preliminary results of sample tree crowns, followed by visual
inspection and manual optimization to ensure the accuracy of sample delineation. The
results showed that the improved MSAS method achieved an overall Ar of 94.61% of the
five plots (Table 4). Compared with other studies using traditional ITC delineation methods
in the transitional zone, the improved MSAS method reached higher accuracy, ensuring
more accurate preliminary ITC delineation results. For example, Stumberg et al. [43] used
an unsupervised classification method on point cloud data for ITC delineation in the
Taiga–Tundra Ecotone, achieving a maximum accuracy of 72.9%. Hauglin and Næsset [44]
applied an ITC delineation method using an allometric growth model on a point cloud
data of Norway in the Taiga–Tundra Ecotone, achieving an accuracy of 80% for trees higher
than 3 m. The proposed sample set construction method can also be used for sparse forests
and arid and semi-arid regions with sparse trees.

This study constructed a sample set including 22,687 individual tree crowns covering
a total area of 8 km2 in the transitional zone. The sample number was approximately
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11 times that used by Zhang et al. [38] and 15 times that of Braga et al. [40]. The area of the
corresponding training images was approximately 43 times that of Zhang et al. [38]. The
individual tree sample set constructed in this study can provide a valuable resource for
subsequent research on ITC delineation methods in the Taiga–Tundra Ecotone, assisting
in large-scale ITC delineation within these areas. Further improvements can be made by
supplementing the samples from the central and northern parts of the study area to increase
the number of samples and the significance of the sample set further. The ITC delineation
of the transition zone and the further extracting information such as tree heights and crown
diameter of these trees is helpful for studying the response of individual tree growth in
transitional zones to climate change and dynamically inverting ecological indicators such
as vegetation biomass and carbon sequestration in the ecotone, which can be used for
biodiversity assessments, ecosystem services, and conservation research.

5.3. Influence of Model Input of Mask R-CNN-Based ITC Delineation

By constructing complex multilayer neural networks, deep learning models learn
and extract deep feature information from multi-band images, significantly improving
the automation of ITC delineation. However, using too many feature bands as input may
overload redundant information and potentially reduce the accuracy of ITC delineation.
Several studies have explored the impact of different inputs of Mask R-CNN on the ITC
delineation accuracy. For example, Yu et al. [67] showed that the Mask R-CNN model
using RGB images as input achieved higher accuracy (with an F1 score of 94.68%) than
models using single-band images. Additionally, some research indicates that combining
multispectral images and elevation data (DSM or CHM) as the input of CNNs can improve
accuracy. Hao et al. [63] explored ITC delineation using six band combinations from aerial
imagery and CHMs as the input of Mask R-CNN. They found that the combination of NDVI
and CHMs achieved the best performance, with an F1 score of 84.68%. Lucena et al. [64]
compared the trained Mask R-CNN models using only RGB images and the combinations
of RGB images and CHMs as input, discovering that the latter obtained an overall accuracy
of 97.01%, which is higher than the accuracy of 90.42% provided by the former. This study
employed a combination of NIR, R, G bands, and CHMs as the input image of Mask R-CNN,
achieving an overall Ar of 96.60%. However, the optimal input for deep learning models
still needs to be explored for different study areas and data situations to ensure sufficient
feature information while reducing redundancy. For example, ablation experiments can
be further performed to quantify the critical role of spectral bands and CHM data on
ITC delineation.

5.4. Influence of the Ratio of Tree Crown Diameter to Spatial Resolution

The ratio of tree crown diameter to spatial resolution is a crucial factor influencing
the accuracy of ITC detection. Brandt et al. [39] and Braga et al. [40] showed that image
resolution and tree crown size can influence the accuracy of ITC delineation using deep
learning models such as U-Net and Mask R-CNN. Larger tree crown diameters and higher
image resolutions generally lead to higher accuracy for deep learning models.

High-density LiDAR data can describe the terrain more accurately, which is essen-
tial for generating high-precision CHMs, enabling the detection of small targets [70,71].
Studies on ITC delineation using LiDAR data indicated that an increase in the point cloud
density significantly improved the accuracy of ITC delineation. Reitberger et al. [72] and
Yao et al. [73] showed that point cloud data with a density of approximately 10 pts/m2 is
optimal for ITC delineation. The aerial imagery and CHM used by Hao et al. [63] had a
spatial resolution of 0.02 m. Dersch et al. [68] used 0.05 m resolution multispectral imagery
and a 0.05 m CHM derived from high-density point cloud data (560 pts/m2). Existing ITC
delineation research in transitional zones employed LiDAR data with point cloud densities
ranging from 6.8 to 15 pts/m2 [43–47]. In contrast, the airborne LiDAR data used in this
study had a spatial resolution of 0.5 m, and the CHM had a spatial resolution of 1 m (the
density of point cloud data is only 0.8~1.1 pts/m2), which is lower than other works con-
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ducted in the transitional zone. The diameter range of the 1558 tree crowns of the five plots
of this study is 2.11~10.70 m, with an average diameter of 5.28 m. A number of 1224 tree
crowns, accounting for 79% of the total, had diameters greater than 4 m. According to the
empirical rule proposed by Yin and Wang [74] that the spatial resolution of a CHM should
be at least one-quarter of the crown diameter, this dataset enabled the delineation of the
trees with a crown diameter greater than 4 m. Only 79% of the tree crowns of the five plots
met the standard. Overall, the resolution of the data used in this work was lower, and the
tree crown in the transition zone was relatively small, which is lower than the delineation
standard. However, the Mask R-CNN model used in this study still achieved outstanding
performance, demonstrating an overall accuracy of 96.60%. If higher-density point cloud
data can be obtained, it may be possible to further improve the precision of ITC delineation
in the study area. According to the empirical rule of Yin and Wang [74], using a CHM
with a spatial resolution of 0.33–0.5 m in further work would improve the accuracy while
enabling the delineation of trees with a crown diameter of less than 2 m.

Additionally, the quality of the CHM derived from LiDAR data with relatively low
density is another factor that needs attention. The optimization problem of the CHM also
needs to be considered. The original CHM obtained from the airborne LiDAR data used in
this work exhibited “holes”, which disrupted the integrity of the morphological structure of
tree crowns. These anomalies were typically attributed to three factors. First, it may be the
gap between tree crowns, which was formed due to the low height of vegetation and bare
land around the tree crown. The second was the invalid values related to the scanning mode
of the laser sensor [59]. The third may be affected by low point density, especially near
slice boundaries. Currently, smoothing filters are commonly used to optimize CHMs. This
study compared the effects of three filters, which are the low-pass, median, and Gaussian
low-pass filters, and ultimately selected the low-pass filter with a better optimization effect.
The optimization methods for CHMs can be discussed in depth to improve the accuracy of
ITC delineation.

6. Conclusions

The Taiga–Tundra Ecotone covers a large area of mixed coniferous forests. However,
the trees in this zone have relatively low heights and small crowns. There is an urgent
need to explore ITC delineation methods and models using deep learning, especially for
large-scale applications in the transition zone. For the first time, this study explores the
feasibility of the Mask R-CNN model for the large-scale delineation of ITCs in the transition
zone using low-density point cloud data and aerial imagery. The accuracies of the Mask
R-CNN model were compared with two traditional ITC delineation methods (the improved
MSAS method and Li’s method) for trees with different heights.

The results show the following: (i) For individual trees higher than 1.3 m, the improved
MSAS method and Li’s method achieved an overall recall rate (Ar) of 94.61% and 91.08%,
respectively; Mask R-CNN achieved an overall recall rate (Ar) of 96.60% (with an Ad of
95.98%, an F of 96.29%, and an IoU of 92.84%), which is 1.99 and 5.52 points in a percentage
higher than the two traditional ITC delineation methods, respectively, indicating higher
delineation accuracy than the traditional methods. (ii) The data and algorithms used in this
study accurately delineated individual trees with crown areas greater than 3 m2. (iii) These
results highlight the potential of the Mask R-CNN model to delineate small individual
trees in the transition zone using high-resolution aerial imagery and low-density point
cloud data. Additionally, this study proposes an improved multi-scale ITC delineation
method for the semi-automatic delineation of ITC samples, ultimately constructing a
sample set of over 20,000 trees in the transition zone, available for open sharing (URL:
https://github.com/linyy000/ITC-samples/tree/main). This study’s individual tree dataset
and deep learning model provide data and technical support for large-scale ITC delineation
planning and implementation in the transition zone. The results of this work promote the
accurate estimation of carbon storage and biomass at the individual tree scale and research
into the response of individual trees to climate change within the transition zone.

https://github.com/linyy000/ITC-samples/tree/main
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