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A B S T R A C T

Accurate individual tree delineation (ITD) is essential for forest monitoring, biodiversity assessment, and 
ecological modeling. While remote sensing (RS) has significantly advanced forest ITD, challenges persist, 
especially in complex forest environments. The use of imagery data is compelling given the rapid increase in 
available high-resolution aerial and satellite imagery data, the increasing need for image-based analysis where 
reliable 3D data are unavailable, the widening gap between data supply and processing capabilities, and the 
limited validation of state-of-the-art (SOTA) methods across diverse real-world conditions. This study aims to 
advance ITD research by evaluating SOTA instance segmentation approaches, including both recently developed 
and established methods. The analysis evaluates ITD algorithm performance using the largest forest instance- 
segmentation imagery dataset to date and standardized evaluation protocols. This study identifies key factors 
affecting accuracy, reveals remaining challenges, and outlines future research directions. Findings in this study 
reveal that ITD accuracy is heavily influenced by image resolution, forest structure, and method design. Findings 
also reveal that, while algorithm innovations remain important, robustness and transferability that ensure 
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generalization across diverse environments are what differentiate method performances. In addition, this study 
highlights that commonly used evaluation metrics may fail to adequately capture precise performance in specific 
applications, e.g., individual-tree-crown segmentation in this study. Assessment reliability can be strengthened 
through the adoption of stricter criteria. Future research should focus on expanding datasets, refining evaluation 
protocols, and developing adaptive models capable of handling varying canopy structures. These advancements 
will enhance ITD scalability and reliability, contributing to more effective forest research and management at a 
global scale.

1. Introduction

The forest canopy refers to the uppermost layer of a forest, formed by 
the aggregated crowns of the upper layer trees and their associated or
ganisms. It represents a functional and structural continuum shaped by 
interactions between crowns and non-tree components such as epi
phytes. The forest canopy is structurally complex and ecologically crit
ical (Lowman and Rinker, 2004). It functions as a primary engine of 
forest ecosystem productivity, where high light availability drives effi
cient photosynthesis. Beyond this, the canopy regulates local environ
mental conditions such as solar radiation, humidity, and temperature, 
therefore directly influences overall ecosystem functionality, from tree 
growth, resilience, to biodiversity.

Individual tree crowns are the structural and fundamental units of 
the forest canopy. Consequently, crown-level information is critical for 
understanding canopy processes. For example, the crown dimensions (e. 
g., length, width, and volume) and configuration (vertical stratification 
and horizontal distribution) directly govern light penetration, energy 
distribution, and humidity gradients; the crown architecture (e.g., 
conical, spreading) shapes canopy heterogeneity, which supports niche 
differentiation for species; the crown-level traits (e.g., branching pat
terns and leaf density) create complex three-dimensional (3D) micro
habitats that support epiphytes, insects, birds, and mammals, which are 
fundamental to sustaining biodiversity. While studies of forest canopy 
are central to advancing ecological understanding (Spies, 1998), accu
rate tree-scale assessment of crown characteristics remains a significant 
challenge.

Tree crowns are conventionally visually observed in situ from the 
ground at a local or a stand scale. Due to the lack of effective tools and/ 
or high costs of data acquisition, capturing true structure of the canopies 
with conventional field measurements is constrained by various prac
tical difficulties (Goodman et al., 2014). Therefore, tree-crown attri
butes (e.g., the shape, volume, architecture, and complexity) have to be 
represented by simplified features, if quantitatively measured at all, and 
the canopy representations are often subject to significant uncertainty 
(Liang et al., 2022b).

LiDAR (Light Detection and Ranging) advances tree-scale studies by 
canopy penetration and direct 3D structural measurements. Individual 
tree delineation (ITD), also known as individual tree segmentation, al
gorithms quantify individual trees, either through LiDAR produced 
canopy height models (CHMs) (Kaartinen et al., 2012; Vauhkonen et al., 
2011) or point cloud (Hyyppa et al., 2001; Wang et al., 2016). Beyond 
the tree locations, ITD often provides individual tree masks that further 
facilitate the characteristics assessment at the tree scale, such as branch 
structures (Pyörälä et al., 2018; Harikumar et al., 2022; Cai et al., 2024; 
Qi and Liang, 2024) and crown shapes (Liang et al., 2024a; Zhang et al., 
2024). However, the coverage of high-density LiDAR operations is often 
limited due to hardware and cost constraints, restricting its capability to 
provide wall-to-wall assessments over large areas.

Recent advancements have taken two approaches to enhance tree- 
scale crown characterization. The first focuses on improving in situ 
tree-wise measurements by increasing the automation and intelligence 
of field investigations, e.g., (Hyyppä et al., 2020a, 2020b; Wang et al., 
2021; Liang et al., 2024b). The other approach investigates ITD-based 
inventories directly from high spatial resolution (e.g., <0.5 m) aerial 
and earth observation (EO) data. Considering the higher accessibility 

and the lower costs, the EO-imagery based ITD started to gain attention 
as a complementary solution to in situ close-range sensing technologies 
for tree-scale characterizations.

Despite lacking height information (i.e., the third spatial dimension), 
high-resolution images provide detailed texture and spectral features of 
tree crowns with wall-to-wall coverage. High-resolution images can be 
collected from various platforms. Aerial platforms such as airplanes can 
capture centimeter(cm)-level resolution data over large areas. However, 
the high operational cost constrains their temporal resolution and uti
lization in monitoring dynamic processes. Drones or unmanned aerial 
vehicles (UAVs) have in recent years emerged as prevalent data sources 
for high-resolution aerial observations. While drones significantly lower 
the cost and logistics barrier in data acquisition, their inherent limita
tions in flight durance result in confined spatial coverage, making them 
ideal for site-specific studies rather than large-area mapping.

Meanwhile, high-resolution satellite EO images have become 
increasingly accessible through various satellites, such as WorldView 
1–4, GeoEye, Pléiades, and Pléiades Neo, with improved resolution (e.g., 
sub-meter), frequency, and coverage. Particularly, satellites’ high revisit 
frequency enables long-term time series with high spatial and temporal 
resolutions over large areas, offering advantages in the temporal domain 
that are rarely comparable by other platforms. This makes scalable, 
repeated, landscape observation operationally feasible, which results in 
a paradigm shift that operationalizes continuous, fine-grained moni
toring of ecosystem dynamics across entire landscapes and closes the 
gap between localized detail and regional context. Yet, the capability of 
pure-imagery-based ITD approaches has not been adequately investi
gated, to leverage the potential of high-resolution aerial and satellite 
observations.

It is worth noting that the ITD from imagery fundamentally differs 
from that based on 3D data such as LiDAR and structure from motion 
(SfM), even though the tasks are conceptually similar, particularly when 
a canopy height model (CHM) is used as input. CHM is a 2D raster 
representation of 3D point cloud data, resembling an orthophoto of the 
forest canopy but encoding canopy height information instead of spec
tral reflectance. The depth information significantly shapes the delin
eation process and impacts associated accuracy. With the aid of canopy 
height information, CHM-based ITD is straightforward. Individual 
treetops such as the highest point of a crown can easily be identified by 
detecting local height maxima. Tree crown boundaries can then be 
delineated using image segmentation algorithms, such as region 
growing or morphological watershed, by allocating CHM pixels to the 
detected treetops based on proximity and height gradients (Hyyppa 
et al., 2001; Kaartinen et al., 2012). Though sharing similar segmenta
tion ideas as those applied to imagery data, most algorithms that support 
CHM-based ITD cannot be directly applied to 2D optical images due to 
the absence of canopy height information.

ITD using high-resolution imagery relies on spectral and textural 
features, e.g., vegetation indices, crown edges and/or gaps between 
crowns, and texture metrics like GLCM (Gray-Level Cooccurrence Ma
trix). Conventional image processing approaches, such as object-based 
image analysis, edge detection, and morphological operations, require 
predefined rulesets based on crown size, circularity, compactness, and 
other factors (Kotaridis and Lazaridou, 2021). Examples can be found in 
the valley following (Gougeon, 1995) and watershed (Wang, 2003) 
methods applied on the aerial grey images. These methods rely on clear 
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gaps or boundaries between crowns, and are therefore typically con
strained to low-density forests, homogeneous plantations, or coniferous 
forests (Jing et al., 2012; Safonova et al., 2021; Wang, 2010). The 
robustness and generalization of these machine learning (ML) methods 
remain unproven.

Compared to conventional image processing methods, deep learning 
(DL) has driven ITD approaches delivering improved performance, 
which is similar to what was observed in tree-scale species classification 
(Chen et al., 2024). Various instance segmentation neural networks 
(NNs) have been applied to image-based ITD tasks. Mask R-CNN (He 
et al., 2017) is one of the most widely used architectures, often imple
mented using imagery alone (Gan et al., 2023; Sani-Mohammed et al., 
2022) or a fusion of RGB imagery and CHM (Xie et al., 2024). Improved 
versions of Mask R-CNN have also been explored, such as adding a 
Transformer-based contextual aggregation module to enhance texture 
information extraction and distinguish subtle canopy texture differences 
(Zhu et al., 2024). A semi-supervised learning scheme for Mask R-CNN 
training was introduced to reduce the workload of individual tree crown 
(ITC) labeling, using airborne RGB and CHM data (Dersch et al., 2024). 
Other commonly used NNs in the image-based ITD include Cascade 
Mask R-CNN (Chen et al., 2019) that had been applied to airborne RGB 
images in urban areas (Sun et al., 2022), and BlendMask (Chen et al., 
2020) that was reported to outperform Mask R-CNN on UAV imagery.

This study aims to (1) reveal the performances of state-of-the-art 
(SOTA) methods for image-based ITD, (2) establish the performance 
baseline of image-based ITD through extensive testing and bench
marking, especially in challenging scenarios, (3) examine key challenges 
and impact factors for the algorithm performances, and (4) prospect the 
possible solutions for future advancements.

To resemble the general aerial and satellite image collection sce
narios, this study focuses on the ITD methods that solely depend on non- 
overlapped imagery datasets, with no reliance on additional auxiliary 
data sources such as LiDAR. This is due to four main reasons: (1) interest 
in applying high-resolution aerial/satellite data in fine-scale applica
tions such as individual tree studies are high, as such imagery is quickly 
accumulating and becoming widely available; (2) the need to apply 
imagery data as the main data source without the aid of 3D information 
are widespread due to the limited availability of reliable 3D data in 
many practical fine-scale applications, yet their potential has rarely been 
explored; (3) algorithm development lags behind the data supply, where 
the current studies concentrated on a few existing standard models, 
resulting in a gap between the huge amount of aerial/satellite imagery 
data and the available processing capabilities; and (4) the applicability 
of SOTA image-based methods has not been clarified, as existing 
experimental tests have been limited to small areas (e.g., mostly only 
one study site in reported studies).

The instance-segmentation methodology adopted in this study rep
resents SOTA solutions and comprises four main components: (1) SOTA 
methods, including Cascade Mask R-CNN (He et al., 2017), Hybrid Task 
Cascade (HTC) (Chen et al., 2019), and Mask DINO (Li et al., 2023), 
which took the ResNet-50 (He et al., 2016) as backbone and were 
trained using the dataset in this study; (2) a general-purpose large 
model, Segment Anything (SAM) (Kirillov et al., 2023), which was pre- 
trained by a broad dataset and implemented by the zero-shot inference 
for ITD; (3) an ML ITD method based on the marker-controlled water
shed, which serves as an example to better understand the performance 
of ML- and DL-based methods; (4) the top 6 ranking methods from the 
recent international ITD contest. Thus, this study comprehensively in
vestigates the SOTA of existing ITD methodologies.

2. Materials and experiment

The experiment setups focus on assessing the applicability and 
transferability of SOTA methods across diverse forest types and data 
conditions, in order to reveal the SOTA of the image-based ITD, set a 
baseline for further research, and promote research in this field.

2.1. Dataset and reference information

Supervised approaches, both ML and DL methods, are data-driven 
and depend on high-quality datasets with extensive annotations. The 
datasets used in the contest and this study, comprising a significant 
amount of annotated ITD reference images, are the result of a collabo
rative effort from numerous contributors worldwide. The datasets 
include those that have been published before the contest and those 
newly released in this contest. The ITC annotations of all datasets were 
newly labeled or revised in the contest.

The dataset covers 11 study sites across 9 countries including 
Australia, Canada, China, Germany, Kenya, Malaysia, Norway, Panama, 
and United States, spanning tropical, subtropical, and temperate climate 
zones. The dataset represents diverse forest types, such as tropical 
rainforests, montane forests, moist forests, and savanna woodlands; 
subtropical evergreen broadleaf and mixed forests; and temperate 
broadleaf and mixed forests. In addition, the dataset also includes both 
natural and urban forests.

High-resolution images were acquired from the study sites using 
airplane or UAV platforms, with resolutions ranging from 2 cm to 10 cm. 
The original images were then cropped into individual image tiles with a 
size of 1024 × 1024 pixels for further processing. Table 1 lists detailed 
information about the study sites and the conditions of their corre
sponding dataset.

As the reference for the training and evaluation, 600,000 manually 
annotated ITC masks were provided for over 11,000 images. Annota
tions of the visible dominant and co-dominant ITC on images were 
conducted through visual interpretation.

Previously existing ITC annotations in study site 1 (Cloutier et al., 
2024), 2 (Ball et al., 2023), 3 (Lee et al., 2023), 7 (Chandrasekaran et al., 
2024), 10 (Troles et al., 2024), and 11 (Jansen et al., 2023) have com
mon problems such as missing labels, incorrect boundaries, and merged 
ITCs. Such annotations were carefully revisited, verified, and revised, 
and missing labels were manually added. The original ITC annotations of 
study site 9 (Puliti and Astrup, 2022) are bounding boxes. The ITC 
boundaries of this site are newly labeled. Study site 4, 5, 6, and 8 do not 
have ITC annotations before the contest, and ITCs were manually an
notated from scratch.

All annotations were manually delineated by trained staffs, and 
quality was checked, compared, and assessed by multiple forestry ex
perts across each dataset, to ensure accuracy. Several iterative modifi
cations and assessments were executed. The annotated ITC masks are 
organized by the standardized MS COCO data format (Lin et al., 2014).

The annotation process is time-intensive and requires substantial 
resources; however, it produces comprehensive references for both 
training and evaluation. Although a gap between reference and ground 
truth in reality is inevitable, e.g., mislabeling of invisible suppressed 
small trees, and confusion between adjacent crowns with similar 
texture, the reference represents annotations that are as accurate as 
possible through careful human interpretation of images.

The dataset is openly available. . The training and validation sets 
include both images and labels for ITD model development. The testing 
set includes only images. The performance on the testing set can be 
evaluated by submitting the ITD results to the online benchmark plat
form, where the ranking and scores are displayed on the leaderboard. 
The link of the benchmark platform is https://www.codabench.org/ 
competitions/12668/?secret_key=e73a13fa-9245-4bd0-8ba9- 
64b761fddc66.

Fig. 1 illustrates the spatial distribution of the study sites along with 
sample images and corresponding references. The dataset's quantity, 
quality, and diversity set a new SOTA for image-based ITD studies.

2.2. Example code

A set of DL-based example code for model training, evaluation, and 
inference was developed and provided to all contest participants to help 
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them understand the contest setup, tasks, and evaluation procedures, as 
well as to accelerate the development of their own methods. The sample 
code employed the Mask R-CNN (He et al., 2017) instance segmentation 
network for ITD and was developed with reference to detectron2 
introduced in (Wu et al., 2019). The example code is openly accessible 
from the address, https://github.com/MSpace-WHU/ITD_Conte 
st_2024_sample_code.

2.3. The international individual-tree-delineation contest

Some of the methods investigated in this study are based on the first 
international contest on methods for image-based ITD 2024, sponsored 
by the International Society of Photogrammetry and Remote Sensing 
(ISPRS). This section briefly introduces the aims and implementations of 

the contest.

2.3.1. Overview
The international image-based ITD contest 2024 aims to promote the 

research of ITD using high-resolution earth observation imagery. The 
contest was open to all who were interested. The participants developed 
and tested their methods on standardized datasets and the results were 
benchmarked using a standardized evaluation framework. The results of 
the top teams were validated through submitted Docker files. The 
inference codes were implemented on the testing dataset, and the out
comes were validated by the organizer in order to verify the reported 
results in the test stages.

All conventional ML and DL approaches were welcomed in the 
contest, though the example code is a DL approach. However, according 

Table 1 
The detailed information of the datasets.

Type DatasetID Country Resolution (cm) New dataset Images quantity

Land cover Climate Forest Training Validation Testing

Natural Temperate broadleaf 7 America 5.0 – 184 – 100
mixed 1 Canada 2.0 – 1691 – –
mixed 9 Norway 2.0–7.0 – 206 – 100
mixed 10 German 2.0 – – – 468

Tropical rainforest 2 Malaysia 10.0 – 331 – –
moist 3 Panama 4.0 – 1200 275 600
montane 8 Kenya 10.0 √ 300 – 200
savanna woodland 11 Australia 2.0 – – – 200

Sub-tropical evergreen broad-leaf 4 China 10.0 √ 400 100 200
evergreen broadleaf 5 China 2.0 √ 1721 441 786

Urban mixed 6 China 3.0 √ 1234 – 346

Fig. 1. The distribution of study sites.
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to the final results in the contest, all top-listed teams that provided their 
results used DL approaches, which reflects the SOTA of algorithm 
development in this field.

Over 40 teams from 13 countries joined the contest, including uni
versities, companies, and independent researchers. The background and 
the implementation of the contest were preliminarily reported in (Liang 
et al., 2024) as a conference presentation. This is the first research work 
that thoroughly introduces and analyzes the outcomes of the contest and 
reveals the insights learnt from the contest outcomes.

2.3.2. Data splitting
The data from the 11 datasets (Table 1) were split into three sets, i.e., 

training, validation, and testing. The three sets are composed of data 
from Datasets 1–9, 3–5, and 3–11, respectively. The data in the three sets 
do not overlap.

The training and validation sets were released to contest participants 
during the contest to support their method development and refinement. 
Datasets 10 and 11 were designated as the test set, remaining unseen 
during the preparation stage, and only made available to participants at 
the testing stage. The testing set includes not only similar forest types as 
in the training set, but also an unseen forest type, i.e., tropical open 
woodland in northern Australia. In the contest, only results from test sets 
were evaluated to assess the method applicability and transferability.

2.3.3. Evaluation
The evaluation metrics utilized in the instance segmentation include 

Precision (P), Recall (R), and Average Precision (AP), as shown in (1)– 
(3). 

P =
TP

TP + FP
× 100% (1) 

R =
TP

TP + FN
× 100% (2) 

AP =

∫ 1

0
PdR (3) 

where TP, FP, and FN indicate True Positive, False Positive, and False 
Negative, respectively.

TPs are determined based on the confidence score and Intersection 
over Union (IoU), which measures the ratio of the intersection to the 
union of the positive prediction and the reference ground truth as shown 
in Fig. 2(a). A prediction is considered a TP if its IoU and confidence 
exceed specified thresholds and the confidence score is the highest if 
there are redundant predictions to a ground truth ITC mask. As the 
confidence threshold increases, Precision increases while Recall de
creases. The AP represents the integration of the Precision-Recall (P-R) 
curve over different confidence thresholds.

As shown in Fig. 2(b), for the IoU range between 0.5 and 0.6, an ITC 
inference is accepted as a TP despite significant crown shape discrep
ancies with the crown shape of the ground truth. When the IoU threshold 
is between 0.7 and 0.8, an ITC inference is considered as TP when the 
inferred crown area aligns closely with the ground truth, despite certain 
differences in shape or location. When the IoU between 0.9 and 1.0, an 
ITC inference is accepted as a TP when it nearly perfectly matches the 
ground truth crown in location, dimension, and shape.

The AP50 was taken as the indicator for the evaluation in the contest. 
For research purposes, AP75 was also included in the evaluation in this 

Fig. 2. Examples of different IoU thresholds. (a) The theoretical relationship between the prediction (blue square) and ground truth (orange square), given the IoU 
value at 0.5 (left) and 0.75 (right). (b) The ITC inferences (yellow polygons) and their corresponding ground truth (red polygons) when the IoU range is set to (0.5, 
0.6), (0.7, 0.8), (0.9, 1.0), respectively. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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study, to comprehensively investigate the SOTA of the ITD methods and 
the challenges encountered.

The performance of the crown-size estimation from ITD was evalu
ated by the Mean Absolute Error (MAE), Root Mean Square Error 
(RMSE), Root Mean Square Error Percentage (RMSE%), and Coefficient 
of Determination (R2), as shown in (4)–(7). 

MAE =
1
n
∑n

i=1
|ai − âi | (4) 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(ai − âi)

2

√

(5) 

RMSE% =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n
∑n

i=1

(
ai − âi

ai

)2
√
√
√
√ (6) 

R2 = 1 −

∑n
i=1(ai − âi )

2

∑n
i=1(ai − ai)

2 (7) 

where ai indicates the tree-level crown area estimates, âi , and ai 
represent the ground truth and the average value of the ground truths, 
and n represents the quantity of crowns.

This study benchmarks the ITD methods through “data-based accu
racy” based on the annotated reference according to careful human 
interpretation from images. The gap between data- and reality-based 
accuracy based on the ground truth in reality is discussed in Section 
5.4.2.

2.3.4. The platform
An online platform was established for the contest to manage data 

distribution, result submission, information release, and feedback. The 
platform was accessible to all participants during the preparation and 
testing stages.

During the preparation stage, when a participant submitted a new 
ITD result, the submission was automatically evaluated, and the ranking 
was updated in real-time and made available to all participants on the 
leaderboard. The participants were encouraged to improve their 
methods based on the feedback and rankings at this stage. In the testing 
stage, participants submitted their results on the test set. The final 
evaluation and ranking were based solely on the results from the testing 
set.

3. Methods

This study investigates four types of methodology for image-based 
ITD, i.e., the standard DL instance segmentation methods, a general- 
purpose DL large model, an ML method, and the top six methods in 
the contest.

This section provides an overview of the top-ranked ITD methods in 
the contest. Among them, five are newly developed, and the sixth- 
ranked was the standard Mask DINO with Swin-L backbone. The focus 
here is on key methodological design elements, such as network archi
tecture, loss functions, and techniques, rather than reviewing each 
method in exhaustive detail.

Standard DL methods, i.e., Cascade Mask R-CNN, HTC, and Mask 
DINO, and the large model SAM, are not introduced in detail here 
because they were applied without modification. More information 
about these methods can be found in original publications. The ML ITD 
method is briefly introduced, as no standard ML model exists for image- 
based ITD.

3.1. Network architectures

The networks simultaneously generate both bounding boxes and 

masks for ITCs. The typical architecture consists of a series of elements, 
including a backbone, neck, initial prediction module, and heads. The 
backbone extracts feature maps from the input images. The optional 
neck fuses multi-level feature maps by constructing a feature pyramid. 
The initial prediction module generates bounding box proposals or 
instance queries. The head produces the results based on the initial 
predictions and corresponding features. Networks can be categorized 
into proposal- and query-based methods, depending on the type of initial 
prediction.

3.1.1. Overview of the individual tree crown segmentation networks
Table 2 provides the detailed information for the top six ITD net

works introduced in the contest, highlighting the different modules used 
at each step across the networks.

According to the baselines, three methods are proposal-based (i.e., 
Method 1, 4, and 6) and the other three methods are query-based (i.e., 
Method 2, 3, and 5). Among these methods, four utilized the Trans
former and two utilized the ConvNet backbone.

The networks modify the original architecture through various 
modules. In Method 1, the backbone consists of two identical Swin-L 
models (Liu et al., 2021) connected by a lightweight Feature Pyramid 
Network (FPN). In Methods 2 and 3, the Composite Backbone Network 
(CB-Swin-L) (Liang et al., 2022a) is used as the backbone in the HTC to 
replace the original ResNeXt-101. Method 2 employs the MaskIoU head 
from (Huang et al., 2019) for mask generation. Method 4 uses an Effi
cient Hybrid Encoder (EHE) (Zhao et al., 2024) for high-accuracy and 
efficient detection, with the DETR with Collaborative Hybrid Assign
ments Training (Co-DETR) (Zong et al., 2023) and a dynamic 
convolution-based mask head (Chen et al., 2020). Method 5 replaces the 
Cascade Mask R-CNN backbone with ConvNeXt (Liu et al., 2022). 
Method 6 follows the standard Mask DINO as described in its 
documentation.

3.1.2. Baseline
With the success of the region proposal network (RPN) from Faster R- 

CNN (Ren et al., 2017), multiple proposal-based instance segmentation 
networks were gradually proposed, e.g., Mask R-CNN (He et al., 2017), 
Cascade Mask R-CNN, HTC, etc. The proposals generated by RPN are 
candidate bounding boxes of objects. Dense rectangular proposals are 
generated as the regression reference based on the pre-defined anchors 

Table 2 
The architecture of the top six ITD networks. The modifications to the baseline 
method are in bold.

Method Baseline Backbone Neck Anchor 
network

heads

1 Mask 
DINO

Swin-L þ
FPN þ Swin- 
L

— ViT 
encoder 
+

query 
decoder

Mask DINO 
detection +
mask head

2 HTC CB-Swin-L FPN RPN HTC detection 
heads +
MaskIoU head

3 HTC CB-Swin-L FPN RPN HTC detection +
mask heads

4 Mask 
DINO

ConvNeXt- 
v2-L

FPN EHE +
Co-DETR

DINO detection 
head + dynamic 
conv mask head

5 Cascade 
Mask 
R-CNN

ConvNeXt FPN RPN cascade conv 
detection +
mask heads

6 Mask 
DINO

Swin-L — ViT 
encoder 
+

query 
decoder

Mask DINO 
detection +
mask head

‘—’ represents without this module.
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and feature maps from the backbone. The proposals help to prelimi
narily locate the object area.

The first query-based network was proposed by an end-to-end object 
detection with Transformer (DETR) (Carion et al., 2020). Unlike 
proposal-based networks, it does not rely on predefined anchors or prior 
knowledge, e.g., the sizes of the detection targets. The learned queries 
are embeddings generated by the transformer encoder and decoder in 
the query-based network. The encoder embeds the patches of the feature 
map. The decoder decodes a fixed-size set of learned object queries in 
parallel based on the embeddings from the encoder and the initial 
queries. The learned queries are input to the heads for generating 
bounding boxes and masks.

3.1.3. Backbone
Transformer-based backbones are popular, e.g., Swin-L and CB-Swin- 

L. To generalize the Transformer to vision domain, Vision Transformer 
(ViT) (Dosovitskiy et al., 2021) bridges the gap between language and 
image by splitting the image into a sequence of patches and considering 
each patch as an embedding token. It supersedes convolutional network 
(ConvNet) in image classification. However, its performance is limited 
in dense vision tasks, e.g., semantic segmentation, detection, and 
instance segmentation, due to the low-resolution feature map and 
quadratic complexity with respect to the input data size. Swin Trans
former (Swin) proposes a hierarchical structure and a shifted window to 
generate multi-scale feature maps from fine to coarse resolution by 
merging nearby patches and cross-patch attentions. Swin takes advan
tages of Transformer and ConvNet and becomes a backbone for a wide 
range vision task. It has three versions with different feature scales, in 
which the Swin-L contains the largest feature dimension.

CBNet proposes the composite connection structure to integrate 
multiple existing pre-trained backbones to release the burden of pre- 
training and improve generalization. The CB-Swin-L integrates two 
Swin-L by the composition connection introduced in CBNet v2 with 
high-level composition (DHLC) inspired by Dense Convolutional 
Network (DenseNet) (Huang et al., 2017), auxiliary supervision, and 
pruning strategies. In DHLC, all features from the current and higher- 
level stages in the previous backbone are added to the feature in the 
lower-level stage of the latter backbone.

ConvNeXt improves the ConvNet structure with reference to Swin 
architecture based on ResNet50. Five primary designs in ConvNeXt 
include changing stage compute ratio, “Patchify”, ResNeXt-ify, inverted 
bottleneck, and large kernel size. The changing stage compute ratio 
modifies the ratio of the number of the stacked blocks into 3:3:9:3. The 
“Patchify” replaces the first convolution (conv) layer from a 7 × 7 kernel 
with stride 2 to a non-overlapping 4 × 4 conv with stride 4. The 
ResNeXt-ify utilizes the depth wise conv following the idea of ResNeXt. 
The inverted bottleneck structure expands the dimension of hidden 
layers of the block to four times wider than the input. Besides, it takes 
the 7x7 depth-wise conv as the first layer in each block.

ConvNeXt v2 (Woo et al., 2023) aims to take advantages of the self- 
supervision learning of masked autoencoders (MAE) (He et al., 2022), 
and to improve the ConvNeXt v1. The MAE effectively pre-trains the 
data-hungry encoder of vision Transformer for better generalization.

It is composed of an encoder and a decoder that takes the masked 
images as input and reconstructs the input images, respectively. After 
the pre-training, the encoder has a strong generalization as a backbone 
for multiple down-stream tasks, i.e., classification, detection, instance 
segmentation.

However, a naïve use of the MAE in ConvNeXt undermines the per
formance due to the incompatibility of the masked patches of MAE and 
the dense sliding widows of ConvNets. The fully convolutional masked 
autoencoder (FCMAE) for MAE pre-trains the encoder in ConvNeXt by 
applying the sparse conv on visible patches, and the sparse conv is 
converted back to standard conv during the training and inference. The 
decoder for MAE pre-training is a lightweight and plain ConvNeXt block 
to reconstruct the target image. Additionally, a global response 

normalization (GRN) is introduced to solve the feature collapse caused 
by dimension expansion in ConvNeXt block by applying global feature 
aggregation, feature normalization, and feature calibration to increase 
the contrast and selectivity of channels.

3.1.4. Neck
The neck recovers the feature map hierarchically and symmetrically 

with the backbone, e.g., through a top-down pathway. The feature 
pyramid network (FPN) is adopted as the neck in some networks to 
construct a feature pyramid and fuse multi-scale features. The FPN is 
originally a detection network (Lin et al., 2017). The top-down feature 
pyramid, i.e., neck, is built based on the feature hierarchy from back
bone with lateral skip-connection. The lateral skip-connections combine 
low-level features in backbone with fine texture information and high- 
level features in the neck, which help to discriminate targets. The hi
erarchical structure contributes to detect multi-scale objects, while it 
may at the same time introduce a redundant-detection problem over the 
same target.

3.1.5. Initial prediction module
The instance segmentation networks are categorized in the proposal- 

and query-based networks. In networks, the results are generated based 
on the box proposals or learned queries. The initial prediction module 
aims to generate initial prediction, i.e., proposal or query, as the refer
ence to generate the bounding box and mask.

In the proposal-based network, region proposal network (RPN) is 
popular as the initial prediction module, introduced in Faster R-CNN 
(Ren et al., 2017). The RPN generates rectangular object proposals based 
on feature maps and a set of pre-defined multi-scale anchors, in a sliding 
window. RPN generates a confidence for each anchor that indicates the 
probability of enclosing an object, e.g., 1 if the IoU between an anchor 
and an object is close to 1 and 0 if the IoU is close to 0. These proposals 
are filtered by a confidence threshold and non-maximum suppression 
(NMS) to remove redundant anchors. The remaining proposals are input 
to the head for bounding boxes refinement and mask generation.

In query-based networks, DETR (Carion et al., 2020) is popular. It 
achieves detection based on a set of learned queries with a predefined 
number of queries. The initial prediction module of the query-based 
network is composed by a Transformer encoder and decoder. The 
encoder is the same as that of ViT, which embeds the feature map patch 
sequences. The decoder transforms N queries that initially set to 0 to 
positional encodings referred to as object queries. The object queries are 
then input to the heads, i.e., feed-forward networks (FFN), as the initial 
predictions to generate the detection results. However, the bipartite 
graph matching between queries and ground truths is instable that leads 
to slow convergence in training.

DN-DETR stabilizes training and accelerates convergence by feeding 
noised ground truth (GT) to the decoder (Li et al., 2022). The noise levels 
on center shifting and box scaling are controlled by two hyper- 
parameters. The Deformable DETR introduces a deformable attention 
module inspired by deformable convolution (Dai et al., 2017; Zhu et al., 
2018) to improve the query learning, where only top-k nearest embed
dings around a reference are assigned as keys for each query in the 
Transformer attention models.

The DETR with improved denoising anchor boxes (DINO) is another 
improved version of DETR that aims to improve the denoising training, 
query initialization, and box prediction (Zhang et al., 2022). The 
contrastive denoising training enhances the model ability to distinguish 
slight differences between queries and avoid duplicate predictions by 
setting two hyper-parameters for positive and negative noised queries 
generation. The mixed query selection improves the deformable atten
tion module in Deformable DETR by only enhancing the position 
embedding with top-k nearest embeddings and keeping the content 
queries learnable as in DETR, enabling learning more features from the 
encoder. In addition, look forward twice improves the iterative box 
refinement by updating the parameters of each layer in the head based 
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on the loss of itself and previous layer.
Collaborative hybrid assignment training scheme (Co-DETR) (Zong 

et al., 2023) is introduced to enrich the supervision of encoder and 
attention learning in decoder. The collaborative hybrid assignment 
training manages to enrich the localization supervision of the encoder by 
incorporating versatile auxiliary heads and one-to-many label assign
ment manner to exploit multiple object queries. Multiple auxiliary heads 
are compared, where the combination of adaptive training sample se
lection (ATSS) + Faster R-CNN performs the best. The auxiliary heads 
are applied only during training to enrich the supervision on the en
coder’s output to support the training convergence, and are discarded in 
inference. This training scheme can be generalized to multiple query- 
based detection network, e.g., Deformable-DETR++, DINO, etc. Addi
tionally, sufficient customized positive queries are generated in each 
auxiliary head to enhance the cross-attention learning in decoder.

Real-time detection transformer (RT-DETR) (Zhao et al., 2024) 
introduced the efficient hybrid encoder (EHE) to replace the vanilla 
Transformer encoder. EHE is composed by the attention-based intra- 
scale feature interaction (AIFI) and the CNN-based cross-scale feature 
fusion (CCFF). The AIFI applies the self-attention operation to the high- 
level feature map, and the CCFF fuses the multi-level feature maps from 
two adjacent layers. RT-DETR processes multi-scale features more 
efficiently.

3.1.6. Heads
The network head generates both ITC bounding boxes and masks. 

Hence, the instance segmentation network includes detection and seg
mentation heads. Three classic instance segmentation baseline networks 
are adopted in the top-ranked methods, i.e., Cascade Mask R-CNN, 
hybrid task cascade (HTC) (Chen et al., 2019), and Mask DINO (Li et al., 
2023). The cascade structure is initially introduced in Cascade R-CNN 
(Cai and Vasconcelos, 2021) to achieve progressive refinement. Both 
Cascade Mask R-CNN and HTC employ the cascade structure.

In Cascade R-CNN, a sequence of detection heads are combined. The 
bounding boxes output from the previous head are the input to the next 
head as box proposals. Thus, the proposals from the RPN are progres
sively refined by continuous heads. The Cascade Mask R-CNN is the 
naïve combination of the Cascade R-CNN and the conv mask head from 
Mask R-CNN, which generate bounding boxes and masks in parallel. The 
detection head is a conv detection head in Faster R-CNN.

In Cascade Mask R-CNN, there is no interaction between mask heads. 
In HTC, the intermediate features from the previous mask head are the 
input to the next mask head for feature fusion, achieved by an element- 
wise sum, and thus to refine masks progressively. In addition, a semantic 
segmentation branch predicts a pixel-wise semantic map for whole 
image, and pass the semantic feature to each mask head.

Mask DINO is a query-based instance segmentation network which 
extends the DINO by adding a mask branch. The detection head is the 
feed forward network (FFN) in DINO. The pixel-level embedding for 
mask generation is constructed based on the feature maps recovered 
from the encoder and backbone, inspired by Masked-attention Mask 
Transformer (Mask2Former) (Cheng et al., 2022). The resolution is 
recovered by up-sampling, and the integration of the feature maps is 
achieved from the encoder and backbone by pixel-wise sum. Each con
tent query computes the dot product with the pixel-wise embedding to 
obtain a mask embedding.

3.2. Loss function

Loss function is one of the most influential components for network 
training. The network parameters are optimized based on the gradient 
descent of loss function. The loss function of the instance segmentation 
network is composed of detection and segmentation loss.

In HTC, the loss function integrates the detection loss L t
det , mask loss 

L
t
mask, semantic segmentation loss L seg, as shown in (8)–(11). The L t

det 

integrates the classification loss L cls and box loss L box L1 . Given T 
hybrid task heads, at each stage t, the detection head predicts the clas
sification score ct , offsets between proposals and GT bounding boxes rt, 
and the mask head predicts proposal-wise mask mt. The semantic seg
mentation head predicts a full-image pixel-wise semantic map s. 

L HTC =
∑T

t=1
αt
(
L

t
det +L

t
mask

)
+ βL seg (8) 

L
t
det(ct , rt , ĉt , r̂ t) = L cls(ct , ĉt)+L box L1 (rt , r̂ t) (9) 

L
t
mask(mt , m̂t) = BCE(mt , m̂t) (10) 

L seg = CE(s, ŝ) (11) 

where ĉt, ̂r, m̂t, ̂s represent the GT, ct, r, mt, s represent the predictions, 
L ce(ct , ĉt) is the classification cross-entropy (CE), L box L1 (rt , r̂ t) is the L1 
loss function, L t

mask is the binary cross entropy (BCE), L seg is the seg
mentation CE. The coefficients are hyper-parameters, with α = [1, 0.5,
0.25], T = 3, and β = 1.

In Mask DINO, the loss function integrates detection loss L det and 
mask loss L mask to evaluate the gaps between the predictions and GT, as 
shown in (12–14). The L det integrates the classification loss L cls and 
two box loss L box L1 and L box giou. 

L MaskDINO = L det +L mask (12) 

L det = λclsL cls + λbox L1 L box L1 + λbox giouL box giou (13) 

L mask = λbceL bce + λdiceL dice (14) 

where the classification loss L cls is the focal loss (Ross and Dollár, 
2017), the detection loss integrates the L1 loss function L box L1 and 
GIoU loss L box giou (Rezatofighi et al., 2019). The mask loss combines 
BCE L bce and dice loss L dice. The coefficients are set to λcls = 4, λbox L1 =

5, λbox giou = 2, λbce = 5, and λdice = 5.
In the contest, Method 2 and 3 use the original loss function of HTC, 

Method 5 uses the loss function of Cascade Mask R-CNN, Method 6 uses 
the original loss function of Mask DINO, Method 1 replaces the dice loss 
to focal tversky loss (Abraham and Khan, 2019), and Method 4 adds a 
varifocal loss (Zhang et al., 2021) in detection loss.

3.3. Technical enhancements

Several technical enhancements are applied to improve ITD, i.e., 
data augmentation, training strategies, and inference enhancements. 
Table 3 summarizes the technical enhancements used in the networks.

Data augmentation is a set of operations to increase the quantity of 
the training set by image transformations, e.g., shape transformation 
and value changing. They help to improve the robustness and general
ization of the instance segmentation method. The shape transformation 

Table 3 
The application of technical enhancements in the ITD networks.

Method Data 
augmentation

Training strategy Test time 
augmentation

Optimizer GT AMP EMA

1 √ AdamW √ √ — —
2 √ AdamW — — √ √
3 √ AdamW — — — —
4 √ AdamW √ — √ √
5 √ SGD — √ — √
6 √ AdamW — — — —

‘—’ and ‘√’ represent without and with these operations, respectively; AdamW, 
SGD, GT, AMP, and EMA represents Adam (Adaptive Moment Estimation) with 
decoupled weighted decay, stochastic gradient descent, gradient clipping, 
automatic mixed precision, and exponential mixed precision, respectively.
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changes the images and their corresponding labels by multiple opera
tions, e.g., resizing, cropping, flipping, and rotation. The value changing 
adjusts the digital numbers of the images by, e.g., adding noise, blurring, 
changing brightness and contrast, and transforming hue and saturation. 
All of the top-ranked methods applied the data augmentation during 
data pre-processing.

In network training, the optimizer is important for the gradient 
descent. The stochastic gradient descent (SGD) and AdamW were uti
lized by the method 5 and the rest, respectively. Several ITD methods 
utilized multiple solutions to improve the stability and efficiency in 
training, e.g., gradient clipping, automatic mixed precision, exponential 
moving average.

The test time augmentation (TTA) (Moshkov et al., 2020) produces 
the average outputs based on the augmented testing set. Multiple top- 
ranked methods applied this augmentation to enhance the inference. 
TTA has four components, i.e., augmentation, prediction, dis- 
augmentation, and merging. The augmentation process applies multi
ple operations, e.g., flipping, rotation, and resize, on the testing images. 
The inference is performed on both original and augmented images. The 
de-augmentation transforms the masks in augmented images back to the 
original images. And, the masks of the same object are merged according 
to IoU threshold. TTA is a risky strategy that leads to accuracy 
improvement but may reduce several correct predictions (Shanmugam 
et al., 2020).

3.4. Ml-based ITD method

The watershed-based method manages to achieve ITD based on the 
geometric and radiometric characteristics that the ITCs contain high 
radiation intensity due to their high, uppermost sunlit portions (Wang 
et al., 2004; Wang, 2010; Jing et al., 2012; Chemura et al., 2015). This 
study applies marker-controlled watershed segmentation with 
morphological pre-processing in Matlab (The MathWorks Inc, Massa
chusetts, United States) to explore the performance of the ML-based ITD 
method, as there is no standard pipeline. The marker-controlled 
watershed segmentation delineates objects by growing the “catchment 
basins” as object areas and “watershed ridge lines” as boundaries based 
on the foreground and background markers. However, directly applying 
marker-controlled watershed segmentation typically leads to severe 
over-segmentation. The morphological operations, i.e., opening-by- 
reconstruction and closing-by-reconstruction, are applied in pre- 
processing to reduce over-segmentation by creating flat maxima inside 
each object.

4. Results

The results are presented using both visual verification and evalua
tion metrics. The evaluation metrics of the methods in the contest were 
calculated by the operating dockers submitted by participants, in which 
the ITC inference results were submitted within.

4.1. Illustrations of individual-tree-crowns masks and the determination 
of tree-positive instances

Fig. 3 presents examples of ITC inference masks generated by the top 
6 ranking methods in the contest for each study site. The visualized ITD 
outcomes from each method across datasets offer an intuitive under
standing of forest types, stand conditions, and the accuracy of ITC masks 
with reference to the ground truth. All top-ranked methods have 
redundant ITC predictions, i.e., multiple predictions for a single target.

Fig. 4 illustrates the differences between TPs corresponding to 
different IoU thresholds, namely IoU ≥ 0.5 and IoU ≥ 0.75, illustrated 
by the results from methods ranking 1st and 6th in the contest. The 
results show a significant decrease in TPs (fewer yellow polygons) for 
both methods when using a higher IoU threshold, particularly in more 
challenging datasets such as D4, D8, and D11.

As shown in Fig. 4, the TPs corresponding to a higher IoU threshold 
(IoU ≥ 0.75) correspond the ground truth more accurately, in terms of 
mask position, size, and morphological fidelity in comparison with the 
TPs corresponding to a lower IoU threshold (IoU ≥ 0.50). Meanwhile, 
the recall of TPs decreases sharply with a higher IoU threshold.

This result suggests that the selection of the accuracy metrics should 
be application dependent. In applications where the counts or locations 
are the expected outcomes, AP50 probably gives a good approximation 
of the crown segmentation. However, the AP75 and higher values, 
instead of the popular AP50, should be utilized as an accuracy indicator 
in applications where the actual boundary properties are important, e.g., 
to study the site structure or to estimate tree attributes according to the 
crown size. This result also suggests that research and application are 
domain dependent. The well-accepted golden rules or knowledge in one 
area may not suit the requirements in another area.

4.2. The evaluations of deep-learning method performances

The evaluations are divided into two groups. The first group includes 
the SOTA ITD methods that were not involved in the contest. These 
methods were implemented using the dataset from the contest. The 
second group includes the top 6 ITD methods of the contest. All methods 
were evaluated using identical assessment approaches and standards, so 
that the performances of all methods can be compared in and outside of 
the contest.

4.2.1. The existing methods
The performance of several SOTA instance segmentation networks in 

ITD is verified. The AP50 and AP75 of the inference results are shown in 
Tables 4 and 5, respectively. The mean AP50 and AP75 are approxi
mately 40% and 19%, respectively, except for SAM that is clearly lower 
than others.

The performances of HTC, Mask DINO, and Cascade Mask R-CNN are 
similar. Cascade Mask R-CNN and MaskDINO gain most of the highest 
score in AP50 and AP75, respectively. The transferability of Cascade 
Mask R-CNN is the best, as it outperforms others in both testing datasets 
that are not involved in the training and validation, i.e., Datasets 10 and 
11.

The SAM performed the worst in the benchmark. The generalization 
of the networks trained by domain datasets significantly outperforms the 
zero-shot inference of SAM.

4.2.2. The methods from the contest
Fig. 5 illustrates the average AP50 and AP75 across all datasets for 

the top 20 teams of the contest, providing insight into the overall ITD 
performance. With AP50 as the indicator, five teams achieved an 
average accuracy above 50% when averaged across all datasets. How
ever, when AP75 was applied, accuracy dropped significantly, with only 
7 top-ranked teams exceeding 25% and none surpassing 30%. This in
dicates that achieving AP75-level alignment between ground truth and 
ITC inferences remains a significant challenge for all methods.

Fig. 6 illustrates the AP50 scores of the top 20 teams for each dataset, 
showing significant variation across sites. In Dataset 6, the top 6 ITD 
methods achieved AP50 values of approximately 75%, the highest 
among all datasets, while in Dataset 4, the values are around 20% even 
with the best performing methods, the lowest recorded.

Although all methods performed variably across different datasets, 
strong performance patterns can be observed, particularly among the 
top 6 methods (Methods 1–6 in Figs. 5 and 6). These methods consis
tently performed well in certain datasets (i.e., Dataset 3, 5, 6, 7, 9, and 
10) and struggled in others (i.e., Dataset 4 and 8). A notable exception is 
Dataset 11 (Savanna woodland), where Methods 3, 4, and 6 showed 
significantly lower performance, indicating a weakness of those 
methods in handling this specific stand type. In contrast, methods 
ranked 10–20th exhibited inconsistent performances across datasets, 
suggesting greater sensitivity to site-specific characteristics.
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Fig. 3. Examples of the individual-tree-crown (ITC) masks. The first column illustrates the ground truth. The column 2–7 represents the inference masks from the top 
6 methods. D3–11 represent the Dataset 3 to 11 in the testing set. All top-ranked methods have redundant ITC predictions.
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Fig. 4. The TP ITD results according to 0.5 and 0.75 IoU threshold. The red and yellow polygons represent the ground truth and TP prediction, respectively. The 
Methods 1 and 6 are the 1st and 6th ranked methods, respectively, in the contest. D represents the Dataset. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the web version of this article.)
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Tables 6 and 7 list the AP50 and AP75 scores of the top 6 methods, 
respectively, based on the final ITC inferences results submitted at the 
evaluation stage of the contest.

Table 6 indicates that, for AP50, Methods 2 and 3 achieved the best 
performance on three datasets, where Method 2 on sites 5, 8, and 9 and 
Method 3 on sites 4, 6, and 10. For AP75 (Table 7), Method 3 maintained 

its top performance on the same three datasets, while Method 2 led on 
sites 3 and 5. However, Method 3 performed poorly on Dataset 11, 
significantly lowering its overall AP50 average. In contrast, Method 1 
excelled in Dataset 11 and maintained strong performance across other 
sites, resulting in the highest average AP50 score. Nevertheless, despite 
its weaker performance in Dataset 11, Method 3 still achieved the 

Fig. 4. (continued).

Table 4 
The AP50 of the state-of-the-art instance segmentation methods. The highest AP50 of each dataset is highlighted in bold.

Method mean AP50 Dataset

3 4 5 6 7 8 9 10 11

SAM 8.47 8.80 13.51 2.99 3.22 22.76 10.73 12.33 0.70 1.19
HTC 39.05 60.10 18.68 49.08 68.15 60.91 34.03 46.82 11.57 2.09
MaskDINO 39.08 56.35 18.64 49.75 69.03 59.81 33.10 50.80 10.91 3.31
Cascade Mask R-CNN 40.66 60.98 18.61 49.90 64.03 64.93 35.84 46.88 18.69 6.04

Table 5 
The AP75 of the state-of-the-art instance segmentation methods in benchmark. The highest AP75 of each dataset is highlighted in bold.

Method Mean AP75 Dataset

3 4 5 6 7 8 9 10 11

SAM 3.83 4.81 6.20 1.56 2.11 12.22 4.22 2.93 0.22 0.20
HTC 19.57 34.83 8.81 21.81 45.54 29.79 14.21 18.09 2.50 0.59
MaskDINO 19.83 32.43 9.35 22.56 46.24 29.45 14.44 20.85 2.56 0.57
CascadeMask R-CNN 19.66 36.09 7.87 21.38 40.80 30.04 14.31 19.01 5.47 1.99

Fig. 5. Results of the top 20 methods in the testing phase.
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highest average AP75 score across all datasets.
The overall performance trend of the top 6 ranking methods is 

consistently and remarkably better than existing SOTA methods across 
datasets (Tables 6), despite variations in exact AP scores (Tables 7). All 
methods performed similarly and tended to perform better on certain 
datasets and worse on others. The exceptions took place in forest types 
or conditions that have not been trained before testing, i.e., Datasets 10 
and 11, where AP50 scores presented significant variation among 
methods. For most datasets, however, the performance gap between the 
best and worst methods is less than 2%. Significant AP50 variances were 
seen in Datasets 10 and 11 where Method 3 and 1 outperformed the 
others, respectively, suggesting better transferability of these methods to 
these specific environments.

4.2.3. The individual-tree-crown measurement
The ITC parameters, e.g., crown size, provide tree-level canopy de

scriptions. To reveal the SOTA of the ITD methods, the crown-size 

estimation is evaluated based on the TP.
Tables 8 and 9, as well as Fig. 7, indicate the performance of tree- 

level crown-area estimation from the Method 1 in the contest under 
different IoU thresholds, i.e., 0.50 and 0.75. The recall is significantly 
higher than precision, except for the Dataset 4. For most datasets, the 
redundant predictions result to poor performance in precision, however, 
contribute to high recall. Dataset 4 has the highest precision but lowest 
recall, showing reversed trends with other datasets.

The IoU threshold impacts the performance of the crown-area esti
mation. The MAE, RMSE, RMSE%, and R2 show improvement with a 
stricter IoU threshold. A higher IoU threshold negatively impacts pre
cision and recall values, but significantly improves the reliability of the 
TPs and the accuracy of the tree-level crown-area estimation.

4.2.4. A comparison of the existing state-of-the-art methods and methods 
from the contest

Fig. 8 illustrates the performance of the top 6 ranking methods in the 

Fig. 6. The AP50 scores of the top 20 methods in the contest across different datasets.

Table 6 
The AP50 values of the top 6 methods in the testing set. The highest AP50 is highlighted in bold.

Method mean AP50 Dataset

3 4 5 6 7 8 9 10 11

1 53.66 69.18 20.09 57.94 73.31 70.01 37.21 53.60 50.83 50.75
2 51.99 71.61 20.62 62.05 72.87 69.27 39.12 54.93 49.03 28.45
3 51.64 70.71 20.85 60.74 74.04 68.79 38.82 55.55 57.81 17.49
4 50.82 71.89 19.78 62.02 73.58 72.13 37.75 54.33 47.10 18.84
5 50.23 69.17 20.25 59.01 71.74 66.65 37.45 54.41 42.72 30.67
6 49.99 71.15 20.01 61.10 73.90 69.22 38.21 54.89 49.90 11.50

Table 7 
The AP75 values of the top 6 methods the testing set. The highest AP75 is highlighted in bold.

Method mean AP75 Dataset

3 4 5 6 7 8 9 10 11

1 27.21 46.28 8.69 30.02 49.96 36.09 15.02 22.30 23.50 13.01
2 28.36 48.64 10.77 33.73 49.98 37.17 18.28 24.20 22.62 9.84
3 28.45 46.90 11.18 32.75 51.85 37.20 17.19 24.50 28.47 5.98
4 27.42 46.99 9.32 32.18 49.92 38.46 16.82 27.16 18.23 7.72
5 26.82 43.33 10.30 29.22 49.18 33.57 18.30 25.88 19.54 12.06
6 27.43 48.16 9.52 32.52 50.81 38.60 16.24 25.63 22.01 3.36
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contests as well as the four SOTA methods across testing Datasets.
Three out of four other SOTA methods exhibited a similar perfor

mance trend across datasets. The exception was the SAM, whose zero- 
shot inference struggled to distinguish ITCs from other foreground in
stances. Its regular grid vertices as seed points constrained ITC locali
zation, and its transferability was very limited concerning forest 
conditions. These highlight the importance of re-training models with 
appropriate data when applying them to new use cases like ITD.

The top 6 contest methods showed significant improvements in 
Datasets 5 (sub-tropical evergreen broadleaf forest) and 10 (temperate 
mixed forest) in comparison with the SOTA methods, indicating notable 
progress can be achieved through method design in ITD for broadleaf 
trees.

4.3. Results based on influencing factors

The ITD performances were influenced by multiple factors, including 
the data quality, forest type, and method. To better understand their 
impacts on ITD performance, the results were analyzed in detail based 
on key factors such as image quality and climate zone. The analyses are 
based on the ITD results without any additional process, e.g., post- 
processing that removes redundant predictions and refines the ITD 
results.

4.3.1. Image resolution
Fig. 9 illustrates the impacts of the image resolution, according to the 

AP50 values and top 20 methods.
The image-resolution effects are revealed by the agreement among 

the overall performances in datasets with similar resolutions despite 
distinct forest types. As shown in Fig. 9, both Dataset 4 and 8 present 
significant lower performances across all compared methods, which 
have 10 cm resolution, while Datasets 3, 5, 6, 7, and 9 whose resolutions 
are higher than 5 cm have clearly better performances in comparison 
with the Dataset 4 and 8, although the actual performances are affected 
by both data quality and forest conditions.

Fig. 10 visualizes the ITD results of Datasets 4, 5, and 7, where image 
resolutions range from 2 to 10 cm, taking results from Method 1 and 
Method 6 as examples. These illustrate how higher image resolution 
generally enhances ITD performance for similar canopy structures.

4.3.2. Image quality – sharpness, shading, contrast
Fig. 11 presents the ITD results of three datasets with similar image 

resolution but varying image quality due to differences in image 
sharpness, shading effects, and contrast. Despite similar resolution levels 
and canopy structures, Datasets 4 (10 cm resolution), 8 (10 cm resolu
tion), and 9 (3–7 cm resolution) exhibit significantly different overall 
performances, with an approximately 20% average accuracy gap across 
most of the 20 methods in the contest.

Fig. 12 visualizes the ITD results of Datasets 4, 8 and 9, taking results 
from Method 1 and Method 6 as examples. The datasets are with varied 
image quality, where Dataset 4 is blurry (blur), Dataset 8 shows inten
sive shading besides big crowns (dark), and Dataset 9 presents a satis
factory level of sharpness and contrast (high quality). In Datasets 4 and 
8, where the image resolutions are the same and the canopy structures 
are similar, the method performances suggest that the mitigation of 
shading effects is easier than mitigating image blurriness. Results in 
Dataset 9 indicate that image sharpness contributes to a better ITD 
performance.

4.3.3. Forest conditions
Significant variations exist among forest scenes across different 

climate zones and forest types. Fig. 13 presents the AP50 scores from the 
top 20 methods across four forest conditions, i.e., tropical natural forest, 
subtropical natural forest, subtropical urban forest, and temperate nat
ural forest. The resolutions of Datasets 5, 6, 10, and 11 are all at a level of 
2–3 cm (2, 3, 2, and 2 cm, respectively), with sufficient image quality to 
clearly depict ITC boundaries and texture. The results suggest that the 
current ITD methods perform well for sub-tropical natural and urban 
forests (Datasets 5 and 6), have difficulties in temperate nature forests, 
and are greatly challenged by tropical nature forests.

Fig. 14 visualizes the ITD results of four datasets with similar reso
lution and image quality but from different climate zones, taking results 
from Method 1 and Method 6 as examples. It is worth noting that the 
transferability significantly impacts the method performance, besides 
the overall canopy structure. Most methods except Method 1 have dif
ficulties in the Datasets 10 and 11, because they were excluded during 
the training stage and only provided at the evaluation stage. More dis
cussions about the method transferability are in section 5.5.

4.4. Results of ML-based method

Fig. 15 visualizes the ITD results of a watershed-based ML ITD 
method. Results have clear over-, under- and miss-segmentation, as well 
as confusion.

Table 8 
The performance of the crown-area estimation based on the TPs from Method 1, where IoU is larger than 0.5. The highest and lowest values are highlighted in bold.

Dataset

3 4 5 6 7 8 9 10 11

Precision (%) 13.24 45.14 16.27 7.65 25.20 33.45 31.64 3.88 5.99
Recall (%) 88.04 21.16 73.59 86.00 78.68 46.25 60.67 89.09 75.19
MAE (m2) 6.36 4.49 2.09 2.03 5.91 14.23 0.89 6.43 3.95
RMSE (m2) 12.71 6.88 4.37 4.93 10.78 23.14 1.68 11.89 7.46
RMSE% 23.34 27.84 30.06 24.65 22.61 27.50 23.13 28.75 28.07
R2 0.96 0.81 0.91 0.91 0.90 0.85 0.94 0.89 0.90

Table 9 
The performance of the crown-area estimation based on the TPs from Method 1, where IoU is larger than 0.75. The highest and lowest values are highlighted in bold.

Dataset

3 4 5 6 7 8 9 10 11

Precision (%) 10.04 27.59 9.95 5.53 15.82 18.35 18.56 2.40 2.53
Recall (%) 66.81 12.93 45.01 62.20 49.39 25.36 35.58 55.10 31.77
MAE (m2) 3.70 2.60 1.11 1.11 3.80 7.29 0.60 3.70 3.36
RMSE (m2) 6.79 3.76 2.23 2.16 6.12 11.73 1.06 6.33 5.98
RMSE% 10.61 12.99 11.19 10.65 11.32 12.50 10.97 12.25 15.80
R2 0.99 0.95 0.98 0.98 0.97 0.96 0.98 0.97 0.96
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The performance relies on the parameters of the methods and texture 
heterogeneity. Disk size is a parameter that significantly impacts the 
morphological dilation and erosion operations in pre-processing, which 
is the radius of the flat disk-shaped morphological structuring element. 
Size 5 is too small for most datasets causing over-segmentation, which, 
however, manages to identify most crowns in Dataset 4, as shown in 
Fig. 15(a). Larger disk size (i.e., 10 and 20) accurately delineates several 
crowns with apparent texture heterogeneity between background and 
adjacent crown, as shown in Datasets 3, 4, 5, 7, 9, 10 in Fig. 15(b), and 
Dataset 3, 4, 5, 7, 9 in Fig. 15(c). However, clear miss-segmentation 

existed due to crown size variety and fixed structural size. Under- 
segmentation was shown in Datasets 3, 5, 7, and 9 in Fig. 15(b). 
Larger disk size tends to delineate the boundaries between crown clumps 
and background, but fails to separate adjacent crowns with similar 
texture, as shown in Datasets 3, 6, 8, and 10 in Fig. 15(c). Additionally, 
segmentation confusion appears in Dataset 6 and 11, where the method 
fails to distinguish ITCs from other no-disk-like objects in the foreground 
and segments the background with complex texture into fragments.

Fig. 7. The performance of the tree-level crown-area estimation based on the TP from the Method 1 in the contest.
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5. Discussion

This section discusses the ITD results based on the main factors that 
influence performance. The impacts of evaluation criteria on result 
credibility, as well as the transferability and generalization of the ITD 
methods are also introduced.

5.1. Data quality

5.1.1. Image resolution
Image resolution directly affects the visibility and sharpness of object 

texture and edges. Generally, lower resolution leads to less accurate ITD 
due to unclear or blurred image textures, as seen in Fig. 9. AP scores 
were lower in low-resolution datasets, e.g., Datasets 4 and 8 with 10 cm 
resolution, in comparison with those in high-resolution datasets, e.g., 
Datasets 3, 5, 6, 7, and 9 with 5 cm resolution or higher.

Moreover, accuracy variances are also observed among datasets with 
similar image resolutions. In high-resolution datasets (higher than 5 
cm), Datasets 3, 6, and 7 have similar accuracy, while Datasets 5 and 9 
have relatively lower accuracy. Both Datasets 4 and 8 have 10 cm res
olution, yet their AP50 scores are at different levels across all methods as 
shown in Fig. 9.

These findings suggest that high image resolution does not guarantee 
higher ITD accuracy, as other factors, such as forest types, also play a 
crucial role. For instance, Dataset 5, despite having the highest resolu
tion, shows lower AP50 scores in comparison with other datasets with 
resolution higher than 5 cm, likely due to complex forest conditions such 
as high tree density and homogeneous canopy textures. Similarly, the 
lower AP50 scores for Dataset 9 may be attributed to scene diversity, i.e., 
the images were collected in multiple locations sparsely distributed over 
southeastern Norway, and the image resolution ranges from 2 cm to 7 
cm. Therefore, Dataset 9 presents varied scenes for the same forest type, 
which challenges the ITD. Nevertheless, when the forest type is similar, 
datasets with higher resolution generally yielded better ITD accuracy, as 
observed in Datasets 3, 6, and 7, in comparison with Datasets 5 and 9.

5.1.1.1. Image quality. When image resolutions and forest types are 
similar, image quality plays a crucial role in the accuracy of ITD, as 
shown in Fig. 11. Image quality primarily refers to factors like visibility 
and sharpness, lighting condition, scene clarity, shading, and contrast, 
which all impact the overall visual quality of the image. For example, 
Datasets 4 and 8 have similar image resolution, however, the images in 
Dataset 4 are significantly blurry compared to those in Dataset 8. Such 

Fig. 8. The AP50 of instance segmentation methods in the testing set.
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blurring degrades the sharpness of crown textures and edges. Conse
quently, identifying ITC in Dataset 4 becomes challenging even with 
visual interpretation from human eyes, leading to a large number of mis- 
and under-segmentation. Meanwhile, images in Dataset 8 were affected 
by excessive shading caused by insufficient sunlight, which cast shadows 
and obscured the texture details on the crowns. Such excessive shading 
in images also hindered the ITD in Dataset 8, but is less significant than 
the blurry images in Dataset 4.

These observations emphasize the importance of collecting data 
under favorable weather conditions, such as avoiding conditions with 
insufficient or intense sunlight.

5.2. Forest conditions

The species composition and landscape characteristics vary signifi
cantly across the experimental forest sites. To assess the impact of forest 
conditions on ITD performance, we examined Datasets 5, 6, 10, and 11, 
which come from different climate zones and represent various forest 
types. These datasets all have good image quality with clear textures and 
high image resolutions that are higher than 5 cm.

The results reveal that the overall impacts of the climate zone are not 
as significant as expected, while site conditions, such as canopy density 
and species composition, play a more profound role. As shown in Fig. 13, 
although both Datasets 5 and 6 are from subtropical regions, their ITD 
performances differ considerably. Dataset 5 from a natural forest re
ceives much lower AP50 scores in comparison with Dataset 6 from an 
urban forest. A closer examination of the images from these two datasets 
(Fig. 14) reveals that the canopy density in Dataset 5 is significantly 
higher in comparison with Dataset 6 and other datasets, which almost 
have no gaps between crowns. This dense canopy structure may explain 
the lower AP50 scores for Dataset 5 in comparison with other datasets 
with similar resolution and image quality.

Overall, the results of this study indicate that homogeneous forest 
stands with dense, closed canopies pose the greatest challenge for cur
rent ITD methods. In contrast, mixed forests are less challenging to 
image-based ITD, as the variations in crown color, texture, and size 
enhance the distinguishability of ITC in the images.

5.3. Method design

The performance of ITD methods is influenced by various factors in 

model design, including architecture choice, model training strategies, 
and technical enhancements.

5.3.1. Type
Both the ML- and DL-based ITD methods are investigated in this 

study. For the ML-based ITD from images, no commonly applied 
method, e.g., open code or software, is available. Among existing ap
proaches, watershed-based segmentation has proven to be the most 
effective ML-based method, but it favors CHM images where height in
formation is available. The performance of ML-based methods also de
pends strongly on factors including parameter settings, crown size 
variability, and texture heterogeneity. Significant over- and under- 
segmentation, as well as classification confusion, are observed in the 
ITD results, leading to failures in accurately identifying the number, 
locations, and shapes of individual tree crowns (ITCs) at most study 
sites. While more sophisticated model designs may improve perfor
mance, such gains often come at the expense of transferability.

The contest was open for all methodologies. Yet, all top-ranked 
methods are DL-based, indicating the popularity of the DL method for 
challenging instance segmentation tasks such as ITD. Among DL-based 
methods, a clear performance gap exists between the top-ranked 
methods in the contest and standard and large model. This gap in
dicates that the DL models specifically designed for the ITD task 
outperform large and standard instance-segmentation methods. This gap 
also indicates that the ITD methods in the contest represent the SOTA. 
Thus, the following discussions focus on the ITD methods in the contest.

The DL-based ITD methods managed to delineate quite a large pro
portion of dominant ITCs in the contest. Yet, the performances of the DL 
methods still do not meet the practical requirements of forest field 
investigation at this moment.

5.3.1.1. Baseline. The top six methods in the contest follow two primary 
architectural paradigms: query-based (Methods 1, 4, and 6) and 
proposal-based (Methods 2, 3, and 5) methods. When AP50 is consid
ered, the difference between proposal- and query-based networks is 
insignificant, as shown in Table 6. In the case of Dataset 10 and 11 that 
are excluded from the training stage, the query-based Method 1 presents 
markedly robust performance for both unseen datasets especially 
Dataset 11, while the proposal-based Method 3 presents relatively 
robust performance only for Dataset 10. The transferability of other 
methods is relatively low in comparison with Method 1 and Method 3.

Fig. 9. The AP50 of the inferences of datasets with different resolutions.

X. Liang et al.                                                                                                                                                                                                                                    ISPRS Journal of Photogrammetry and Remote Sensing 232 (2026) 974–999 

990 



Fig. 10. The ITD results of datasets with different resolutions. The first column illustrates the ground truth. The column 2–3 represents the inference masks from 
Methods 1 and 6, respectively.

Fig. 11. The AP50 of the inferences of the datasets with different image qualities.

X. Liang et al.                                                                                                                                                                                                                                    ISPRS Journal of Photogrammetry and Remote Sensing 232 (2026) 974–999 

991 



Fig. 12. The ITD results of datasets with different image qualities.

Fig. 13. The AP50 of the inferences of datasets collected from different types of forests.
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However, when a stricter standard for TP is used, i.e., AP75 scores in 
Table 7, the proposal-based networks demonstrate better performance 
across most datasets, e.g., both Method 2 and Method 3 obtain the 
highest mean AP75 score. In contrast, the query-based methods (Method 
1, 4, and 6) exhibit lower AP75 values in comparison with proposal- 
based Methods 2 and 3.

Regarding the generalization, both query- and proposal-based net
works exhibit instability across different datasets (i.e., study sites).

5.3.1.2. Architectural modifications. In addition to the baseline archi
tectures, specific design choices in individual components such as the 
backbone, initial prediction module, and head significantly influence 
the performance.

Among query-based methods, Methods 1, 4, and 6 are all derived 
from the Mask DINO baseline, with Method 6 representing the original 
version. The improved performance of Methods 1 and 4 over Method 6 
highlights the effectiveness of their respective modifications. Method 1 

Fig. 14. The ITD results of datasets that are collected from different types of forests and with high resolutions at 2–3 cm.
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Fig. 15. The ITD results of the marker-controlled watershed segmentation with different disk sizes for the morphological pre-processing. The red and yellow 
polygons represent the ground truth and inference ITC masks, respectively. (For interpretation of the references to colour in this figure legend, the reader is referred 
to the web version of this article.)
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employs a dual Swin-L backbone with a connection mechanism, while 
Method 4 introduces multiple modifications across the backbone, initial 
prediction module, and head.

For proposal-based methods, both Methods 2 and 3 follow the HTC 
baseline. However, Method 2 achieved higher accuracy than Method 3 
by incorporating a Mask IoU head, which enhances segmentation 
quality.

5.3.1.3. Technical enhancements. The technical enhancements applied 
in each method are summarized in Table 3. At this stage, no clear evi
dence supports the effectiveness of these techniques, such as test-time 
augmentation, in improving ITD performance. Further investigation is 
needed to determine their actual impacts.

5.3.1.4. Redundant prediction. Accurate ITC masks are essential for 
canopy parameter extraction in many practical applications. Thus, 
redundant predictions, where a single ITC is delineated by multiple 

positive masks, is popular in SOTA ITD methods. Redundant prediction 
improves the recall for ITD, but causes lower precision.

Redundant predictions exist in both proposal- and query-based net
works. These redundant predictions stem from the excess number of 
queries and proposals relative to the actual number of trees. Although 
integrated into the networks, redundancy removal mechanisms, such as 
non-maximum suppression (NMS) and background classification heads, 
may fail to eliminate all redundant initial predictions.

5.4. Evaluation

The choice of evaluation metrics directly impacts the assessment of 
ITD methods. The contest adopts the AP50 as the primary evaluation 
metric. However, a detailed analysis reveals that, while effective for 
object counting, AP50 falls short in capturing finer details required for 
many quantitative analyses. A stricter criterion, e.g., AP75 is therefore 
recommended for future studies.

Fig. 15. (continued).
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5.4.1. Metrics
The selection of the evaluation metric is application-dependent, 

namely, evaluation metrics that are suitable for one task may be inap
propriate for other tasks.

The AP score is applied in this study because the conventional 
position-paring evaluation approach does not work for image-based ITC 
masks, as the treetops are not explicitly detected as with LiDAR data due 
to the lack of height information. AP integrates precision and recall 
metrics, with higher values indicating more reliable results. More spe
cifically, the IoU-based TP identification method tanks into consider
ation positional, dimensional, and morphological fidelity. Thus, it 
evaluates the geometric agreement between the inferences and refer
ences more comprehensively, in contrast to the conventional approach 
that relies solely on spatial correspondence.

AP50, defined by an IoU threshold of 0.5, was used as the primary 
evaluation metric in the contest ranking as it remains the standard 
evaluation criterion in instance segmentation. This choice ensures 
comparability with previous studies and studies in other domains.

AP50 can be roughly equivalent to normal treetop pairing, because 
position paring also tolerates certain distances between the detection 
and reference. The typical maximum tolerable distance for position- 
pairing is the average crown radius in the studied area. Considering 
the situation of IoU = 0.5 shown in Fig. 2 (b), the distances between the 
gravity centers (which can be regarded as treetops) of the two crown 
shapes in generally do not exceed the radius of the circular crown. In 
general, AP50 determines the presence of objects and may be sufficient 
for tasks like object counting.

However, AP50 is not strict enough to evaluate the accuracy in ITD. 
The predicted boundary of a TP often deviates significantly from the 
ground truth, as visualized by the ITC masks under different IoU 
thresholds in Figs. 2 (b) and 4. This deviation indicates that a 0.5 IoU 
threshold is more appropriate for object counting rather than applica
tions where tree-crown size and morphological fidelity are essential — 
such as applying segmentation results for further ecological or structural 
estimations (Liang et al., 2025; Shcherbacheva et al., 2024).

AP75 is a metric with sticker rule for TP identification, requiring 
more faithful alignment in positional, dimensional, and morphological 
fidelity between inferences and references in comparison with the re
sults from AP50, as suggested in Fig. 2 (b). Applying a stricter threshold 
such as AP90 (IoU ≥ 0.9) yields more accurate TPs. However, the recall 
declines sharply, as illustrated in Fig. 2 (b), indicating the AP90 may be 
overly restrictive. IoU thresholds between 0.7 and 0.8 strike a better 
balance between strictness and applicability. As visualized in the ITC 
mask in Fig. 4, AP75 effectively balances credibility and completeness.

Given the limitations of AP50 in practical applications, AP75 or a 
similar metric is recommended as a suitable evaluation metric for ITD in 
the future, to provide a more meaningful evaluation of segmentation 
accuracy, where accurate crown size and morphological estimation are 
required. For those applications emphasizing the object count and/or 
location, AP50 is probably an acceptable criterion.

5.4.2. Data- vs. reality-based accuracy. The reference ITC masks are 
annotated from images and thus only provide information about the 
trees at the upper canopy layer that are visible from the images, and lack 
the information about the suppressed and understory trees in the sec
ondary layer. Hence, the accuracy evaluated using the annotated 
reference represents the “data-based accuracy”, namely, the proportion 
of accurately detected ITCs with respect to the total amount of ITCs 
captured by the images, which reveals the capability of a method in 
interpreting the given data.

Meanwhile, the “reality-based accuracy” is evaluated with respect to 
the total amount of trees standing on the ground. It indicates the per
formances of the method in revealing the reality of the targeted forest 
stand, which can be lower than the “data-based accuracy”, especially the 
poor recall, considering the amount of suppressed small trees in a forest 

stand that cannot be captured by the data from viewpoints above forest 
canopies (Wang et al., 2019b) and the incorrect labels caused by 
ambiguous visual separation of ITCs with significant intersection and 
overlap (Allen et al., 2025).

Considering the limited accessibility of the field references due to the 
cost and the workload, as well as the more intuitive evaluation of 
method performance from the “data-based accuracy”, this study focuses 
on evaluations with respect to the manually annotated ITC masks.

5.5. Transferability and generalization of methods

The datasets from study sites 10 and 11 were excluded from the 
training set for both the methods developed during the contest and the 
SOTA instance segmentation methods. Consequently, the segmentation 
results in these two study sites serve as indicators of the methods' 
transferability.

As shown in Fig. 8, the performances of well-designed methods are 
relatively similar on datasets used in the training phase. The key factor 
distinguishing individual methods — both those developed during the 
contest and the SOTA approaches — is their transferability to unseen 
data. Among the developed methods, Method 1 achieved better seg
mentation performance in Dataset 11 in comparison with other 
methods.

Furthermore, the zero-shot inference of SAM performs the worst in 
the benchmarking, demonstrating significantly weaker transferability in 
ITD. This finding underscores the ongoing challenges of developing 
universal ITD methods with high transferability across diverse forest 
conditions.

5.6. Outlooks

Both query- and proposal-based methods have been developed in 
recent years for image-based ITD applications. Despite advancements, 
the applicability of SOTA ITD methods in forest environments remains 
limited. Although some methods achieve up to 55% AP50 in certain 
datasets, the overall accuracy remains low, with an average of approx
imately 50% for AP50 and 25% for AP75.

This performance is insufficient for practical applications. When only 
the upper canopy trees are considered, the airborne LiDAR data provides 
around 80–90% detection accuracy (i.e., true positive) for upper canopy 
trees (i.e., dominant and codominant) depending on the complexity of 
forest stands, e.g., (Wang et al., 2019a). The SfM point cloud has a 
similar performance as the airborne LiDAR when only the upper canopy 
trees are considered, e.g., (Iqbal et al., 2021). It should be emphasized 
that, to ensure a better comparison to the outcomes of this study, the 
above-mentioned LiDAR and SfM performance only considers the trees 
on upper canopy layer. When field-measured reference is applied and all 
trees from upper- and suppressed-canopy layers are considered, the 
reality-based detection accuracy can be significantly lower for LiDAR 
and SfM point clouds as well, depending on the complexity of the forest 
stands and the proportion of the suppressed trees.

Besides the overall detection accuracy, another limitation of the pure 
image-based ITD approaches in comparison with the LiDAR-/SfM-based 
approaches is the lack of 3D tree metrics such as the crown volume, 
crown depth, canopy height. Nevertheless, besides the overall number of 
crowns in a defined area, image-based ITD is capable of providing 2D 
crown metrics such as the crown project area, the canopy closure, and to 
a certain degree, the branching architecture (i.e., texture). Moreover, an 
extra advantage of images is the rich spectral information. When the 
variation of crown spectral characteristics over time can be enhanced by 
multi-temporal data collection, there is a great potential for studies on 
tree species, phenology, and the leaf dynamics (Liang et al., 2025).

A preliminary test indicates that satellite images with 0.5 m resolu
tion is still insufficient for ITD, especially in natural forests. This suggests 
that both methods and data acquisition require further enhancement to 
leverage the potential of Earth observation (EO) data, given the vast and 

X. Liang et al.                                                                                                                                                                                                                                    ISPRS Journal of Photogrammetry and Remote Sensing 232 (2026) 974–999 

996 



continuously growing volume of high-resolution EO optical data.
Moreover, the transferability of SOTA methods is still restricted. 

Experimental results suggest that transferability is the key factor 
differentiating the performance of individual methods. This finding in
dicates that the long-standing emphasis on novel and innovative aspects 
of model development may be overstated. Instead, greater attention 
should be directed towards improving adaptability that enhances the 
generalization across diverse forest environments and transferability to 
unseen forest scenes.

6. Conclusions

This study promotes research on individual tree delineation (ITD) 
from high-resolution non-overlapping aerial images by analyzing both 
newly developed, from the International ITD Contest 2024, and state-of- 
the-art (SOTA) instance segmentation methods, including both large and 
popular instance segmentation models.

The study (1) assesses the performance of ITD methods using stan
dardized evaluation protocols and quantitative analyses, as well as the 
largest forest dataset available to date, (2) identifies key factors influ
encing algorithm performance, and (3) examines remaining challenges 
and outlines the possible solutions for future advancements.

Results suggest that image resolution and quality, forest conditions, 
and model design all directly impact the ITD performance. The deep 
learning (DL) methods outperform conventional machine learning (ML) 
methods in ITD from high-resolution imagery. With the same input 
imagery, the ML-based method results in more delineation mistakes, 
while the DL-based method generates more reliable ITD results.

While methodological innovation remains essential, greater 
emphasis should be placed on robustness and transferability. The pref
erence for novel architectures should be balanced with practical appli
cability, ensuring that models generalize effectively across diverse 
environments and applications. The development of universal methods 
that are capable of handling multiple tasks is still a significant challenge.

From an evaluation perspective, the widely used AP50 metric is 
insufficient for many forest research applications, particularly those 
requiring precise tree crown delineation. Instead, AP75 or similar met
rics should be adopted in future studies to provide a more reliable 
assessment of ITD accuracy. Additionally, larger and more diverse 
datasets are recommended to further improve ITD model development 
and validation.
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Hyyppä, E., Kukko, A., Kaijaluoto, R., White, J.C., Wulder, M.A., Pyörälä, J., Liang, X., 
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