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Accurate urban street tree recognition is crucial for ecological management. Street-view images offer a
unique pedestrian perspective, capturing details often missed by remote sensing imagery. Current street tree
recognition methods using street-view images are limited by scarce labeled data and high manual annotation
costs. To address these challenges, we propose a novel urban street tree recognition and mapping method
that enables accurate instance-level mapping of street trees. The method supports species identification where
sufficient visual distinction exists. First, we design a two-stage street tree recognition method. In stage one,
an object detection model is used to extract individual tree regions from street-view images, decoupling tree
detection from species classification. In stage two, tree species are classified using a model pre-trained on
open-source tree species datasets and fine-tuned with web-sourced labeled images, achieving annotation cost
reduction. Second, StreetTreeMapper reduces duplicate detections by integrating street-view image features
with OpenStreetMap’s geographic constraints, achieving precise tree instance mapping. To validate our
proposed method, we construct a street tree dataset from New York, Zhuhai, and Seoul. Experimental results
validate the overall effectiveness of our proposed method in both tree recognition and mapping. Through
decoupled detection and classification, our method achieves a 2.7% to 11.4% increase in average precision
compared to state-of-the-art models on Zhuhai datasets. The StreetTreeMapper achieves instance-level tree
mapping with median errors of 4.5 m (New York), 4.8 m (Seoul), and 2.9 m (Zhuhai), reaching minimum
observed localization errors of 0.21 m, 0.13 m, and less than 0.001 m, respectively. Our method enables
automated detection and species identification of street trees. These capabilities provide valuable data support
and decision-making foundations for smart city development and sustainable ecological maintenance.

1. Introduction the impact of atmospheric NOy concentrations on vegetation health.

Furthermore, when combined with emerging structural analysis (Long

The accurate mapping of individual urban street trees plays a cru-
cial role in advancing urban sustainability. This capability allows for
the precise quantification of key ecosystem services, including car-
bon sequestration (Lind et al., 2023) and climate regulation (Simsek
et al., 2024), while also facilitating the evaluation of species-specific
stress responses (Zhang et al., 2024). The potential of deep learning
for individual tree detection is demonstrated by its application to
high-resolution satellite imagery (Li et al., 2019). When deployed on
street-level imagery, these deep learning approaches address biological
heterogeneity and environmental noise, providing essential data for
biodiversity monitoring and ecosystem assessment. Specifically, sys-
tematic species-level mapping serves as technical support for analyzing
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et al., 2026) and crown extraction techniques (Lian et al., 2024), this
approach enables a detailed characterization of urban forests, assisting
in quantifying carbon density (Liang et al.,, 2024) and monitoring
allergenic species for public health risk assessment (Li et al., 2024).
While remote sensing provides a viable path for large-scale map-
ping (Ventura et al., 2024), its application is hindered by a heavy
reliance on large-scale, manually annotated datasets. This challenge
of annotation dependency is equally prevalent in deep learning-based
tree detection and recognition studies (Arevalo-Ramirez et al., 2024).
The development of intelligent approaches for instance-level street
tree mapping under limited annotation constraints is thus essential for
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progress in urban sustainability and precision forestry. Street-view im-
ages have become a cornerstone data source for urban intelligence, with
applications ranging from habitat monitoring and infrastructure assess-
ment to the tracking of Sustainable Development Goals (SDGs) and
urban land use mapping (Zhang et al., 2021; Yang et al., 2025; Li and
Ni, 2025; Che et al., 2025). The geometric and perceptual information
in SVIs further enables the modeling of complex human—-environment
interactions, such as using depth perception to explain driving behav-
ior (Zhang et al., 2025). While Yang et al. (2025) demonstrated the
effectiveness of mapping standardized infrastructure like streetlights,
our study addresses the higher complexity of urban vegetation. Beyond
straightforward spatial localization, the biological heterogeneity and
seasonal phenology of trees introduce significant semantic ambiguities,
making instance-level correspondence and fine-grained classification
a more formidable challenge. The integration of advanced analytics,
such as unsupervised learning and perception quantification, enables
the establishment of measurable frameworks for monitoring urban
sustainability, including the assessment of physical changes and their
socio-environmental consequences (Liu et al., 2025). Within this con-
text, the accurate mapping of ubiquitous urban elements like street
trees emerges as a valuable and challenging application. Compared
to top-down remote sensing data such as satellite imagery and UAV
images (Zheng et al., 2024, 2023, 2021), street-view images provide
a more intuitive and cost-effective means for individual tree detection
and classification (Liu et al., 2023), primarily because the ground-level
vantage point enables fine-grained observation of tree morphology
(Sarlin et al., 2023; Hu et al., 2023). However, species-level mapping is
constrained by the scarcity of detailed annotations, whose costly man-
ual collection limits the scalability of deep learning for this task. On the
other hand, open geospatial data (e.g., OpenStreetMap) contains struc-
tural information about urban environments, including road networks
and spatial layouts. Recent efforts in Bird’s-Eye-View (BEV) representa-
tion have sought to address such cross-view perspective differences (Ye
et al., 2024a, 2025a). However, due to the lack of instance-level tree
data and the perspective gap with street-view images, it is challenging
to directly utilize this data for accurate tree-level mapping.

Deep learning-based approaches have become the predominant
method for detecting and classifying trees from street-level images (Wu
and Qian, 2021; Li and Yao, 2020). However, the development of
robust deep learning models for street-tree classification is hindered
by the scarcity of large-scale (Yang et al., 2023; Beery et al., 2022),
finely annotated street-tree datasets.

While this data limitation poses a significant challenge, an even
more critical technical problem emerges when integrating recognition
results into accurate, instance-level maps, namely, the instance cor-
respondence problem (Arevalo-Ramirez et al., 2024). This problem,
which refers to the difficulty of determining whether trees detected
across multiple overlapping street-view images belong to the same
physical entity, remains a major obstacle. Current mapping methods,
which often rely on error-prone GPS metadata or visual features alone,
struggle with this issue in complex urban environments (Li and Yao,
2020; Roberts et al., 2019; Laumer et al., 2020), leading to inaccuracies
such as double-counting or missing individual trees. Therefore, there is
a pressing need for a method that can not only perform well under
limited annotation constraints but also effectively resolve the instance
correspondence problem to generate reliable, large-scale street tree
maps.

To address these challenges, we propose StreetTreeMapper, a novel
framework that integrates street-view images with open geospatial
data for instance-level street tree mapping. The framework is designed
to provide a robust processing solution for large-scale urban forestry
surveys, assisting municipal departments in mapping tree distributions
more effectively. By providing species-level maps, our approach can
be integrated with emerging structural analysis (Long et al., 2026)
and crown extraction techniques (Lian et al., 2024) to facilitate a
more detailed characterization of urban forests. Such a synergy is
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essential for downstream applications, including the quantification of
carbon density (Liang et al., 2024) and the enhancement of city-scale
ecological resilience (Velasquez-Camacho et al., 2024).

The framework adopts a two-stage strategy to reduce reliance on
large-scale fine-grained species annotations. By separating tree detec-
tion from species recognition, web-sourced imges can be incorporated
to facilitate species classification training. In addition, a dedicated
mapping module addresses the instance correspondence problem by
fusing visual similarity with spatial constraints from open map data,
enabling unique identification of individual street trees.

In this paper, our main contributions are:

+ We introduce a street tree recognition method that alleviates
the heavy reliance on manually annotated street-view images by
decoupling detection from species classification,as validated for
species classification on the Zhuhai dataset.

We propose StreetTreeMapper, a street tree mapping method
that achieves instance-level results by uniquely combining image
similarity computation and OpenStreetMap spatial constraints to
avoid double-counting the same tree across multiple street-view
images.

We construct and release street tree datasets from New York,
Zhuhai, and Seoul to validate our proposed methods for tree
recognition and instance-level mapping, while also providing a
valuable resource for the research community for further urban
tree analysis.

2. Related work
2.1. Deep learning-based approaches for urban street tree recognition

Research on urban street tree analysis has increasingly relied on
deep learning models applied to street-view imagery, with a primary
focus on tree recognition tasks, namely detection and species classifi-
cation (Liu et al., 2023; Jiang et al., 2024). These methods have become
the predominant approach due to their strong performance. Object
detection algorithms, particularly the efficient YOLO series (Redmon
et al., 2016), are widely adopted to locate individual tree instances in
street-level photographs. For the more fine-grained task of species clas-
sification, convolutional neural networks (CNNs) have demonstrated
remarkable capability in distinguishing visual features, achieving ro-
bust performance even on close-up imagery such as leaves (Wegner
et al., 2016; Branson et al., 2018; Wu and Qian, 2021).

However, the primary challenge hindering the development of more
robust and generalizable recognition models is no longer the model
architecture, but the scarcity of large-scale, finely annotated street-
tree datasets (Yang et al., 2023). The high cost and labor-intensive
nature of manual annotation create a significant bottleneck. This data
scarcity directly limits the scalability and practical deployment of fully-
supervised recognition methods in diverse urban environments. While
some studies have explored multi-modal data fusion (e.g., with LiDAR
or satellite imagery) to enhance accuracy (Wu et al., 2018; Ye et al.,
2024b), these approaches often introduce higher data acquisition costs
and complexity, rather than alleviating the core data dependency.
Recent geometry-aware semi-supervised approaches offer a promising
alternative (Li et al., 2025), though the complex morphology of street
trees presents unique challenges compared to buildings.

In summary, while deep learning provides powerful tools for street
tree recognition, the field’s progress is constrained by its reliance on
extensive manual annotations. This limitation highlights the demand
for innovative methods capable of accurate recognition without the
need for large-scale labeled datasets.
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Table 1
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Characteristics of the proposed StreetTreeMapper in the context of existing street-level tree detection and mapping literature.

Aspect Lumnitz et al. (2021)

Liu et al. (2023)

Choi et al. (2022) This study

Primary objective Detection and geolocation

Study area Vancouver Jinan

Reported performance >70% detection, 4-6 m error

Species classification

0.587 mAP@0.5

Urban tree profiling
Seoul Zhuhai, Seoul, New York
0.564 mAP

Instance-level detection and mapping

4-5 m median localization error

2.2. Instance-level mapping of street trees from street-view images

Research on instance-level mapping from street-view imagery fo-
cuses on the core challenge of the instance correspondence problem:
accurately determining the geographic location of each unique tree
instance. Early approaches relied on simple metadata like GPS co-
ordinates for spatial association (Zhou et al., 2022). However, the
limitations of these metadata-based methods motivated a shift towards
vision-based techniques. The feasibility of this approach was initially
demonstrated by CNN-based methods for detecting individual trees in
street-level images (Wegner et al., 2016; Branson et al., 2018; Wu and
Qian, 2021; Li and Yao, 2020).

Subsequent advancements have focused on deriving precise loca-
tions through geometric analysis. Key techniques include using depth
estimation and triangulation from image sequences to determine 3D
positions (Lumnitz et al., 2021; Liu et al., 2023; Jiang et al., 2024),
as well as employing photogrammetry with deep learning for accurate
coordinate extraction. These methods have been extended to estimate
tree parameters like DBH and height by using reference objects for
scale (Wang et al., 2018; Choi et al., 2022).

The method of geometric localization from street-view images is
also applied to other urban objects. A pertinent comparison is the work
of (Yang et al., 2025) on streetlight assessment, which also follows a
“detect-locate-assess” pipeline. A key difference lies in the localization
method. Their approach for sparse streetlights is based on multi-view
triangulation, whereas our method adopts a map-constrained, single-
view geometric localization approach to estimate tree locations. This
design choice prioritizes computational efficiency and scalability for
city-wide deployment, offering a pragmatic alternative to multi-view
solutions that require cross-view matching.

In summary, a core challenge in instance-level street tree mapping
is the instance correspondence problem—the need to match tree detec-
tions across views while minimizing double-counting. While existing
methods excel at detection, they offer limited solutions for reliable
cross-view association. StreetTreeMapper presents an improved ap-
proach that integrates image similarity with OpenStreetMap constraints
to provide more reliable association results for urban tree mapping.

To further contextualize our contribution, Table 1 summarizes the
key characteristics of StreetTreeMapper in comparison with other rep-
resentative domain-specific studies. Unlike previous works that often
focus on single-city optimization, our framework emphasizes cross-
city scalability and instance-level mapping across heterogeneous urban
environments.

3. Study area and data curation
3.1. Study areas and data sources

The study area comprises three regions characterized by distinct
urban morphologies, including Brooklyn in New York, Xiangzhou in
Zhuhai, and Seongdong-gu in Seoul. Data distribution and acquisition
details are shown in Fig. 1. The evaluation leverages three datasets for
distinct purposes. The New York dataset, with its manual instance-level
location annotations, is used for testing basic mapping capability. The
Seoul dataset, featuring a large image collection but limited annota-
tions, is employed to challenge the method’s performance in large-scale
environments under the constraint of limited labeled data. Meanwhile,
the Zhuhai dataset, with its detailed species labels, is utilized for
validating the two-stage recognition method.

Table 2

Dataset statistics and processing pipeline.
Study area Zhuhai Seoul New York
Training set (images) 2078 400 5063
Test set (images) 1016 100 174

Original resolution (pixels) 512 x 512 512 x 512 512 x 512
Cropped resolution Variable (as detected)
Label procedure:

1. Tree instances manually annotated (Labelme) with bounding boxes.
2. Annotations saved in JSON.

Key preprocessing steps:

1. Object detection to locate tree instances.

2. Cropping based on bounding boxes.

Table 3

Statistical summary of cropped image dimensions (pix-
els). Median represents the central value, and IQR
represents the interquartile range.

City Stat Dimension (pixels)
Width Height
. Median 56 29
Zhuhai IQR 36-84 65-155
Seoul Median 78 177
IOR 39-153 117-274
Median 96 207
New York IQR 67-140 126-298

Street-view images for the three datasets are sourced from Google
Street View (GSV),! Baidu Street View (BSV),> and the OmniCity
dataset (Li et al., 2023). The New York region primarily uses the
OmniCity dataset. For object detection, OmniCity’s panoramic images
are divided into four perspective-view images based on fixed viewing
angles. For the Zhuhai region, we directly use single-view images
provided by BSV without additional processing. To address the missing
true north orientation information in street-view images of Zhuhai,
we use OrienterNet (Sarlin et al., 2023) to estimate the orientation of
image query locations. OrienterNet infers direction by matching neural
bird’s-eye views with OpenStreetMap image maps. We further utilize
OpenStreetMap (OSM)*® data to extract the road network geometry of
each study area, serving as a geographic reference for tree localization.
In addition, forestry survey data from New York* and Seoul® are used
to validate and refine the mapping results. The key statistics of the
datasets, including image counts, resolutions, and species distributions,
are summarized in Tables 2 and 4.

The cropped individual tree images exhibit variable dimensions, as
they are tightly fitted to the detection bounding boxes. A statistical
summary of the cropped image sizes across the three cities is pro-
vided in Table 3. The median widths range from 56 to 96 pixels, and
the median heights from 99 to 207 pixels. The interquartile ranges
(IQRs) indicate that the majority of cropped images preserve suffi-
cient pixel-level detail for distinguishing key species-specific features,

1 https://www.google.com/streetview/

https://map.baidu.com

https://www.openstreetmap.org/
https://climate.cityofnewyork.us/zh/subtopics/green-space/
https://data.seoul.go.kr/dataList/OA-1325/S/1/datasetView.do?tab=F
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Fig. 1. Overview of the datasets used in this work. (a) Our street-view image dataset covers Brooklyn (New York), Xiangzhou (Zhuhai), and Seongdong-gu (Seoul).
(b) Our single-view image collection includes images derived from panoramas in New York and Seoul. (c) Our labeled web image acquisition workflow involved
Internet Search, Batch Download, and Image Filtering. This data, combined with a publicly available tree image dataset for pretraining, was then fine-tuned for

classification.

Table 4

Tree species distribution.

Data Species Train Test Total

Zhuhai BA 1242 586 1828
CH 432 143 575
PA 2804 523 3327
Others 3882 1775 5657
Total 8,360 3,027 11,387

Seoul GI - 12,303 12,303
PL - 40,673 40,673
ZE - 3322 3322
Others - 7381 7381
Total - 63,679 63,679

such as overall tree shape and bark texture, ensuring reliable species
identification.

An urban forestry study (Jiang et al., 2013) served as the founda-
tion for classifying tree species in Zhuhai, as it had documented the
dominant species through analyses of their morphology and spatial
distribution. Four representative categories were adopted: Banyan (BA),
Chittagong-chickrassy (CH), Palm (PA), and Other. The Seoul dataset
categorizes trees into four dominant species according to historical
official census data® and existing studies (Choi et al., 2022), specifically
Ginkgo biloba (GI), Platanus (PL), Zelkova serrata (ZE), and Other.
The annotators determined tree species by examining morphological
characteristics in the street-view images.

6 Seoul Open Data Portal

3.2. Annotation and data collection

The manual annotation of street trees for the three cities was
conducted by five volunteers with academic backgrounds in geospatial
studies. All annotators received unified labeling guidelines prior to
the annotation process. To ensure label consistency, a cross-review
protocol was implemented in which each annotation was indepen-
dently checked by at least one additional annotator. Discrepancies were
resolved through consensus discussion before final confirmation. We
enriched the training data with multiple sources in order to enhance
the classification model’s performance. We utilized an open-source
tree image dataset (Yang et al., 2023), which provides representa-
tive samples across a wide range of tree species, for pretraining the
classifier. Then, we fine-tuned it with supplementary internet images
sourced through Internet Search. We employed a browser extension
named ImageAssistant Batch Image Downloader” to download images
in batches, filtering out low-quality or irrelevant results. Specifically,
we defined “low-quality” images as those with a resolution below
100 x 100 pixels (typically icons), or those that were so blurred as to
be unrecognizable. Based on these criteria, approximately 15% of web
images were discarded due to irrelevance, taking only a fraction of the
total preparation time.

In order to compare the efficiency of acquiring web images with
that of annotating street-view images, we estimated the time cost per
valid image. It takes 3-5 min (including automated filtering) to procure
60-100 qualified web images for a single species, which equates to
about 2-3 s per image. By contrast, labeling tree instances in a street-
view image requires around 30 s per image, making it a task that
demands sustained focus in complex scenes. Compared to the laborious

7 https://www.pullywood.com/ImageAssistant/
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Fig. 2. An overview of the proposed urban street tree recognition and mapping method includes (1) Street tree detection from street-view images, creating a
Single Tree Dataset. (2) Tree species classification using a fine-tuned classifier, pre-trained and fine-tuned with web-sourced data and the Single Tree Dataset,
respectively. (3) Instance-Level Mapping of Urban Street Trees employs StreetTreeMapper to generate an instance-level map by integrating street-view images,

OSM data, the Single Tree Dataset, and species labels for tree instances.

annotation of individual tree instances, acquiring images from the web
significantly reduces the time required per training image, which also
facilitates the development of larger, more scalable datasets for future
research.

4. Methods
4.1. Overview of the proposed method

Fig. 2 illustrates the two-stage street tree recognition method and
the StreetTreeMapper tree mapping method. First, we designed a two-
stage method for instance-level tree classification. In the first stage, we
used an object detection model to detect “tree bounding boxes” and
to crop individual tree images based on the bounding box results. In
the second stage, we fine-tuned a deep learning classification model for
instance-level tree classification. This involved leveraging a model pre-
trained on an open-source tree image dataset (Yang et al., 2023) and
further adapting it to different urban environments using web-sourced
labeled images. This approach enabled accurate species identification
of the cropped individual tree images.

Second, we proposed StreetTreeMapper, a tree mapping approach
that integrates feature vector similarity with spatial distance con-
straints. Specifically, the method calculates the feature vector similarity
between individual tree images and applies a spatial constraint strategy
derived from street-view acquisition points in OpenStreetMap (OSM)
to determine whether trees detected in adjacent street-view images
correspond to the same object, thereby supporting instance-level tree
mapping.

4.2. Two-stage urban street tree recognition

The scarcity of annotated street-view data limits the training of
street tree recognition models. Accordingly, we developed a two-stage
method aimed at reducing reliance on instance-level annotations and
boosting instance-level classification accuracy. In the first stage, we
used an object detection model to frame the task as a binary classifica-
tion problem and extract tree regions from street-view images. In the
second stage, we incorporate publicly available web-sourced labeled
data to enable instance-level tree classification, thereby alleviating the
need for extensive manual annotations.

4.2.1. Urban street tree detection

We utilized a YOLO architecture based on Ultralytics’ implementa-
tion (Khanam and Hussain, 2024) for street tree detection in street-view
images, framing it as a binary classification task. Input images were
resized to a resolution of 1280 x 1280 using zero-padding to preserve
aspect ratio. We customized anchor box aspect ratios to [0.35,1.2,3.1]
to better match street tree morphology (slender trunks, dense foliage).
We adopted CIoU loss for improved bounding box regression. During
inference, detections were refined using confidence thresholding and
NMS. For each detection, the tree region was cropped using predicted
bounding box coordinates (x|, y;, x5, »,). All cropped regions, represent-
ing the area of interest, are saved as individual images, annotated with
the original street-view image filename, bounding box coordinates,
center coordinates denoted as x.ener, and detection confidence score.
These outputs serve as inputs for the second-stage classification and the
StreetTreeMapper process.

4.2.2. Fine-tuning pretrained models for tree classification

In this stage, we utilized the cropped individual tree images ob-
tained from the first-stage detection and incorporate web-sourced la-
beled data to achieve low-cost instance-level street tree classification.

To optimize the model for dominant tree species, we created a
web-sourced labeled dataset of annotated images collected from the
Internet and combined it with the pre-training dataset for fine-tuning.
For Seoul, we used 1000 pre-training images and approximately 3000
web-sourced labeled images. For Zhuhai, we used 8303 pre-training
images, cropped from our previously annotated dataset, and approx-
imately 2500 web-sourced labeled images. This custom preprocessing
was necessary because open-source datasets lacked sufficient images of
BA and PA trees, which are prevalent in Zhuhai.

4.3. Instance-level mapping of urban street trees

A challenge in street-level mapping is the instance correspondence
problem, which refers to the difficulty of correctly identifying and
unifying the same physical tree across multiple overlapping viewpoints.
To address this, we proposed StreetTreeMapper, a novel street tree
mapping method that integrates image similarity analysis with spatial
constraints from OpenStreetMap (OSM) to achieve precise identifi-
cation and localization of individual trees across street-level images.
Based on the bounding box and center coordinates from the detection
phase, we introduced a ray-casting-based method to geolocate trees
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Fig. 3. StreetTreeMapper method leverages spatial geometric relationships
between street-view images and OSM road networks for street tree mapping.
It identifies trees in images using object detection, estimates their location
through ray-casting based on panoramic image projection properties (angle
relative to true north), and refines the location with OSM road network
constraints.
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Fig. 4. Conceptual logic of handling the instance correspondence problem in
StreetTreeMapper.

from street-view images. This method follows the procedure in Fig. 3,
involving the extraction of the true north direction column index (a)
from the image metadata, while the bounding box center column index
is denoted as d. The azimuth angle 0 is computed as:

O=a—-d (€8}

Using this angle, we cast a ray from the camera location in the
direction of #. The point where the ray intersects with the OSM road
network is designated as the predicted tree location.

The integration of OSM road networks serves as a topological
anchor to resolve these spatial ambiguities. As illustrated in Fig. 4,
by constraining the candidate matching space for the cast rays, we
effectively mitigate the instance correspondence problem and avoid
redundant detections.

To merge duplicate tree predictions, we used DBSCAN (Deng, 2020)
with a custom e-neighborhood that considers both spatial distance
denoted as dis and image similarity denoted as sim. Predictions within
2 m are considered the same tree due to potential ray-casting er-
rors. This threshold is based on standard street tree spacing, typically
ranging from 4 to 6 m.

For distances between 2 and 6 m, we further introduced image sim-
ilarity constraints to improve clustering accuracy. Specifically, we used
the Dinov2 model (Oquab et al., 2023) to extract a 768-dimensional
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feature vector and calculate the cosine similarity between tree images.
To avoid incorrectly merging different but spatially close trees into the
same cluster, we empirically select a similarity threshold of 0.85.

The final eps-neighborhood condition is defined as:

dis <2V Q2 <dis <6Asim> 0.85) 2)

Once matched predictions are grouped, we performed weighted merg-
ing to determine the final tree location. The weight for each prediction
is computed as:

W = con + exp (_Cll_los> 3)
We define con the detection confidence score and dis the distance of
the predicted point from the camera. This formulation accounts for
the “large-near, small-far” effect in street-view images, where objects
farther from the camera are more sensitive to spatial deviations. To
ensure reliability, we exclude predictions with dis > 40. This threshold
reflects the effective recognition range of street-view imagery, within
which trees retain sufficient detail for identification, while beyond
this distance, our observations indicate a noticeable decline in image
quality and positional accuracy. It also corresponds to a typical cov-
erage segment along urban roads, supporting continuous detection.
The exponential decay term models the decreasing trustworthiness of
predictions at increasing distances while keeping the confidence and
distance components on a comparable scale.

StreetTreeMapper uses majority voting for class assignment within
each cluster. This, combined with multi-view detection, spatial rea-
soning, and image similarity, improves the accuracy and robustness of
street tree mapping, especially in complex urban areas.

5. Experiment
5.1. Experiment setting

5.1.1. Experimental design

The experimental design reflects the characteristics and label avail-
ability of the three datasets. Tree detection is evaluated on all three
cities, as each provides bounding-box annotations. Species identifica-
tion is primarily evaluated on the Zhuhai and Seoul datasets, which
contain structured species categories suitable for classification assess-
ment. For New York, due to its highly diverse species composition with-
out a dominant category, the primary emphasis is placed on instance-
level mapping performance. Species-level classification results for New
York are also reported for completeness. Ground truth data are obtained
from municipal forestry surveys for New York and Seoul, and from
manual street-view annotations for Zhuhai. The expected positional
accuracy of these reference datasets is at the meter level for mu-
nicipal inventories and at the sub-meter level for manually aligned
annotations.

5.1.2. Implementation details

We used a manually annotated street-view image dataset encom-
passing three study areas Zhuhai, New York, and Seoul to conduct
a comparative experiment on the object detection performance of
five mainstream object detection models RTMDet (Lyu et al., 2022),
EfficientDet (Tan et al., 2020), Faster R-CNN (Ren et al., 2015),
YOLOvV8 (Varghese and Sambath, 2024), and YOLOv11 (Khanam and
Hussain, 2024). All five models were trained utilizing the computa-
tional resources of a single NVIDIA RTX 3090 GPU, employing a batch
size of 15, an initial learning rate of 0.00008, and a maximum training
duration of 20 epochs.

For the classification stage, we employed MobileNetV3-Small, a
network architecture comprising 16 convolutional layers with bot-
tleneck modules and Squeeze-and-Excitation attention, using HSwish
activation. We pre-trained this model for 100 epochs on an open-source
tree image dataset (Yang et al., 2023), using RMSprop optimization
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Table 5
Quantitative results for urban street tree detection in Brooklyn (New York), Xiangzhou (Zhuhai),
and Seongdong (Seoul). Performance comparison using APs, (%) and AP,s.g5; (%).

Methods Zhuhai New York Seoul Mean

APy APpsg.957 APsy APpsgo5) APsy APpsp.gs; APsy  APps.o5)
RTMDet (Lyu et al., 2022) 55.4 19.8 62.8 23.3 49.9 9.2 56.0 17.4
EfficientDet (Tan et al., 2020) 47.0 135 60.5 20.1 59.0 21.9 55.5 18.5
Faster R-CNN (Ren et al., 2015) 51.7 22.0 61.4 21.1 62.8 249 58.6 22.7

YOLOV8 (Varghese and Sambath, 2024) 64.8 25.8 71.0 28.3 74.6 335 70.1 29.2
YOLOv11l (Khanam and Hussain, 2024) 64.5 25.9 72.5 28.1 73.5 34.6 70.2 29.5
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Fig. 5. Training loss (red) and training accuracy (blue) during 100-epoch fine-
tuning on the Zhuhai dataset.

with a learning rate of 0.001. We performed this pre-training on an
RTX 3090 GPU. Subsequently, to adapt the model to our specific urban
environments, we fine-tuned it. For fine-tuning, we combined web-
sourced labeled images with cropped single tree images from Zhuhai,
initializing the model with the pre-trained weights obtained after 100
epochs. The classifier head consisted of stacked linear layers (576 to
1024 channels) with 0.2 dropout. The fine-tuning process was con-
ducted for 100 epochs. A separate validation set was used for model
selection, and the checkpoint corresponding to the lowest training loss
was selected for subsequent testing, as shown in Fig. 5. For clarity,
the experimental design distinguishes between detection and species
classification across cities. Tree detection is trained and evaluated
independently within each city, as all datasets provide bounding-box
annotations. For species classification, the framework adopts a shared
backbone with city-specific classification heads. Because species differ
across Zhuhai, Seoul, and New York, a unified cross-city classifier
is not assumed. Instead, the backbone network is first pre-trained
to learn general visual representations of tree morphology, and then
fine-tuned separately for each city’s species set. Therefore, cross-city
transfer occurs at the feature representation level rather than at the
label space level. This design supports cross-domain knowledge transfer
while accommodating region-specific ecological differences. To assess
the practical feasibility for city-scale applications, we evaluated the
end-to-end inference cost, including object detection, DINOv2 fea-
ture extraction, similarity matching, and clustering. The lightweight
YOLOv11n detector (2.6M parameters) processes a street-view image in
approximately 0.18 s for detection alone. When accounting for feature
extraction and geometric matching, the average total processing time is
approximately 6 s per image. Under this configuration, processing 3000
street-view images required approximately five hours on a single RTX
3090 GPU (24 GB), with peak memory usage of 8-10 GB. Extrapolating
under near-linear data parallelism, mapping a mid-sized city with
approximately 200,000 images would require about 100 h using four

comparable GPUs, demonstrating practical scalability for urban forestry
management applications.

5.2. Evaluation metrics

To evaluate model performance, we adopted both detection and
classification metrics. For object detection, we used APsy and APjs.9s,
following the COCO evaluation protocol (Lin et al., 2014). APs, mea-
sures average precision at an IoU threshold of 0.5, while AP(s.95
reports the mean AP across IoU thresholds from 0.5 to 0.95 in steps
of 0.05.

For tree species classification using MobileNetV3, model perfor-
mance was assessed using Accuracy, Precision, as well as Recall and
the F1-score.

TP + TN

AcCuracy = o TN TP N @
.. TP
P =
recision = w55 ()
TP
=~ _
Reca TP + FN ©)

Precision x Recall

Fl-score =2x 5 ecision + Recall )

In these equations, TP, TN, FP, and FN correspond to true positives,
true negatives, false positives, and false negatives, respectively. For
joint evaluation of localization and classification, we defined compound
precision and recall metrics that require correct localization and species
classification. A prediction is considered a true positive, denoted as
TPjyetalss if the predicted tree falls within a spatial buffer » of the
ground truth location and the species label is correct. Based on this,
we computed:

: TPloc+cls
Precisionjgeq s = mo——————— (8)
oeres Tploc-%—cls + FPloc+cls
Recallloc+cls = o ©)]

TPloc+cls + FNloc+cls

where FPy,., s represents predictions with either incorrect species or
localization error beyond b, and FNj,., . includes undetected trees or
those with incorrect class or location.

5.3. Experiment results

5.3.1. Street tree detection results of different object detection models
Example street tree detection results from different object detec-
tion models were shown in Fig. 6. As in Table 5, the experimen-
tal results demonstrated that YOLOvV8 (Varghese and Sambath, 2024)
and YOLOv11 (Khanam and Hussain, 2024) significantly outperformed
other models under the APs,, with both achieving average precision
values exceeding 0.6. Specifically, YOLOv11l (Khanam and Hussain,
2024) attained APs, of 0.645 in Zhuhai, 0.725 in New York City, and
0.735 in Seoul, respectively, highlighting its superior and consistent
detection capability across different urban environments.
Furthermore, under the APjs5j.95;, YOLOv11 (Khanam and Hussain,
2024) achieved an average precision of 0.2953, slightly surpassing
YOLOvVS8’s (Varghese and Sambath, 2024) 0.292, further validating
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Fig. 6. Performance comparison of urban street tree detection models. Results from (a-b) Brooklyn, NewYork, USA, (c-d) Xiangzhou, Zhuhai, China, and (e-f)
Seongdong-gu, Seoul, South Korea demonstrate both accurate detections and error cases, facilitating comparative analysis of model accuracy and failure modes.
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Fig. 7. The normalized confusion matrices, where (a) represents the clas-
sification results of species recognition in Zhuhai, and (b) represents the
classification results of species recognition in Seoul.

its robustness in multi-scale detection tasks. Considering YOLOv11’s
(Khanam and Hussain, 2024) high generalizability and detection accu-
racy, this study ultimately selected it as the object detection model for
subsequent tasks of urban street tree species classification and mapping.

5.3.2. Performance evaluation of two-stage street tree species recognition
method

Fig. 7(a) illustrated the classification results for BA, CH, PA, and
Others. BA achieved 57.1% accuracy and was most frequently misclas-
sified as Others. CH achieved 57.5% accuracy and was most frequently
misclassified as BA. PA had the highest accuracy at 87.9%. Others
achieved a strong 93.2% accuracy. Fig. 7(b) presents classification
results for GI, PL, ZE, and Others, with corresponding accuracies of
78.2%, 95.0%, 79.1%, and 70.7% respectively. PL achieved the highest
accuracy. ZE was most often misclassified as PL, suggesting potential
visual similarities between these species. Others was also most often
misclassified as PL, indicating possible overlap in features with the PL
category.

We primarily focus on tree species classification analysis in Zhuhai
and Seoul, where dominant species structures allow clearer evaluation.

Table 6

APg, (%) comparison for tree species classification in Zhuhai.
Method Tree species

BA CH PA Other All

RTMDet 14.5 0.5 51.5 38.4 21.0
EfficientDet 7.6 0.4 35.3 27.2 17.6
Faster R-CNN 11.3 2.2 51.4 42.6 26.9
YOLOv8 11.1 2.4 48.4 39.3 25.3
YOLOv11 12.2 1.8 51.5 40.7 26.6
Ours 26.2 13.8 53.3 53.1 29.3

Note: RTMDet (Lyu et al., 2022), EfficientDet (Tan et al., 2020), Faster
R-CNN (Ren et al, 2015), YOLOv8 (Varghese and Sambath, 2024),
YOLOv11 (Khanam and Hussain, 2024).

In New York, species classification is also conducted, although higher
inter-species similarity increases discrimination difficulty.

Table 6 shows that our two-stage street tree recognition method
outperformed advanced direct detection models across all tree species
in terms of AP50. Notably, for the BA category, our method achieved
an AP50 of 26.2%, nearly twice that of the best baseline at 14.5%.
Even for challenging categories such as CH, where baseline scores were
extremely low, our method delivered a substantial improvement of over
10%. For high-performing categories like PA and Other, our approach
also excelled, achieving 53.3% and 53.1%, respectively, surpassing all
comparison models. Overall, the method achieved an average APs,
of 29.3%, representing a 2.4% improvement over the best baseline,
demonstrating consistent advantages across different tree species.

Overall, our method achieved an average APy, of 29.3% across
all categories, which was superior to all compared models. Fig. 8
provides a visual comparison of various object detection models di-
rectly performing multi-class tree detection, highlighting the qualitative
improvements offered by our approach. Our method achieves higher
classification accuracy through its staged process, particularly evident
in the improved performance for BA and CH compared to direct de-
tection methods. These results indicate that our proposed method
contributes positively to addressing the urban street tree recognition
and classification challenge.
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Fig. 8. Visual comparison of object detection models was performed for urban street tree recognition in Zhuhai Xiangzhou street-view images. The white bounding

box showcases instances of tree species misclassification in street-view images.

Table 7

Street tree matching: Distance distributions be-
tween predicted and observed locations by study
area (m). The value <0.001 m in the Zhuhai
dataset represents the lower bound of the error
distribution, corresponding to samples with near-
perfect geometric alignment.

New York Seoul Zhuhai
Median (m) 4.490 4.835 2.901
Min (m) 0.212 0.133 <0.001
Mean (m) 6.703 5.729 4.690

5.3.3. Instance-level mapping results of urban street trees

StreetTreeMapper integrates street-view images with
OpenStreetMap data and visual feature comparison, which reduces
duplicate tree detections and improves urban tree mapping accuracy.
Table 7 summarized distance distributions and matching numbers. Fig.
9 presented instance-level street tree maps for three areas, with detailed
views in (a)-(c).

In Brooklyn, New York, the regular street grid yields a uniform spa-
tial pattern of street trees. Although species classification is conducted,
the high diversity and relatively balanced species distribution increase
fine-grained discrimination difficulty compared to cities with dominant
species.

As demonstrated in Table 8, our two-stage recognition method
achieved a Precision,.,s of 35.5% on the Zhuhai dataset. For the
Seoul dataset, the overall Precision;y., s reached 29.9% while main-
taining a stable Recalljy.,s Of 30.2%. Notably, PL species in Seoul
exhibited exceptional performance with Precision;, s at 43.0%. How-
ever, the accuracy for ZE in Seoul and CH in Zhuhai was significantly
lower at 8.0% and 20.0% respectively, indicating the model’s limited
discriminative capability for morphologically similar species. For New
York, the overall Precision,., s reached 19.0% with a Recalljj., s
of 14.0%. Compared to Zhuhai and Seoul, the lower classification
performance in New York may be associated with higher species het-
erogeneity and seasonal variability in the dataset.

Beyond localization and classification accuracy, instance-level cor-
respondence was further evaluated to assess whether the multi-view
merging process preserves individual tree instances. On a subset of the
New York dataset, ground-truth trees within the prediction coverage
were analyzed and categorized into one-to-one matches, under-merging
(a single tree split into multiple clusters), and over-merging (multiple
trees merged into one cluster), as summarized in Table 9. Among the

evaluated instances, 91.47% exhibited correct one-to-one correspon-
dence, while under-merging and over-merging accounted for 7.75%
and 0.78%, respectively. These results indicate consistent instance-level
mapping performance (see Table 9).

6. Discussion
6.1. Impact of web-sourced data on fine-tuning classifier performance

Our analysis of the classifier training strategy within our two-stage
street tree recognition method reveals significant regional variations in
sensitivity to web-sourced image quantity. Of particular note, the Seoul
dataset achieved a substantial improvement in accuracy after adding
approximately 3000 web-sourced images, as shown in Table 10. This
reflects a marked improvement in the model’s capability for recognizing
trees in the Seoul region. Owing to the model’s high accuracy on this
dataset along with the potential for overfitting or diminishing returns,
further expansion of the Seoul dataset was deemed unnecessary. In
contrast, Zhuhai’s initial Top-1 accuracy was 80%, but with diminishing
returns; approximately 2500 additional images only improved accuracy
by 4 percentage points to 84%. This performance disparity can be
attributed to two key factors. First, the urban morphology of the two
cities significantly influences the visual domain gap. The street-view
dataset for Seoul is relatively consistent, due to the city’s characteristic
high-density urban form featuring uniform street layouts and greening
patterns. This structural regularity provides a more stable and coherent
learning foundation for the model. In contrast, the urban environ-
ment of Zhuhai exhibits stronger ecological and visual heterogeneity,
increasing the difficulty of feature alignment. Secondly, differences
in baseline performance also constrain the degree of improvement
possible. The Zhuhai model’s higher initial accuracy, primarily due to
its dataset’s more precise category annotations, inherently limits the
absolute margin for performance improvement.

These findings highlight that the effectiveness of transfer learn-
ing is closely related to region-specific visual coherence and baseline
annotation quality. Cross-city deployment may therefore benefit from
adaptive sampling or domain-aware training strategies that account for
structural and ecological differences across urban environments.

6.2. Parameter sensitivity analysis for street-view tree detection
6.2.1. Impact of buffer distance on detection accuracy

As summarized in Table 11, spatial evaluation buffers of 4 m, 5 m,
and 6 m were examined. Increasing the buffer from 4 m to 6 m leads
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Fig. 9. Instance-level mapping results in New York, Zhuhai, and Seoul. Predictions (Pred) are shown above ground truth (GT), including overall maps and local
enlargements.

Table 8

Tree species classification performance across the Zhuhai, Seoul, and New York datasets. PA, BA, and CH correspond to species

in Zhuhai, PL, ZE, and GI to species in Seoul, and LP, GI, and JZE to London plane, Ginkgo, and Japanese zelkova in New York.
Metrics Zhuhai Seoul New York

PA BA CH Others Mean PL ZE GI Others Mean LP GI JZE Others  Mean

Precision;,,; 355 145 200 384 354 430 80 180 3.0 209 160 220 180 20.0 19.0
Recall,y s 221 92 1.2 332 256 426 61 123 6.0 302 100 13.0 140 19.0 14.0

10
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Table 9

Instance-level correspondence evaluation on a subset of the
New York dataset. Results are computed on ground-truth
trees within the spatial coverage of predictions.

Metric Count Rate
One-to-one correspondence 118 91.47%
Under-merge (split instances) 10 7.75%
Over-merge (merged distinct trees) 1 0.78%

to noticeable improvements in precision and recall, particularly in New
York and Seoul, where Fl-score increases by more than 20 percentage
points. This sensitivity reflects the interaction between localization
uncertainty and the one-to-one spatial matching protocol, under which
each reference tree can be matched at most once. When predicted
coordinates deviate slightly from reference positions, small adjustments
in spatial tolerance can substantially alter matching outcomes.

Importantly, the buffer parameter governs evaluation tolerance
rather than the detection or projection mechanism itself. A 5 m thresh-
old provides a balanced tolerance that accommodates meter-level posi-
tional uncertainty while limiting excessive spatial merging. In practice,
buffer size can be initialized based on local planting intervals or
inventory standards and refined through lightweight validation without
modifying the trained model.

6.2.2. Effect of street-view distance threshold and weighting

To examine the robustness of the localization framework, we con-
ducted systematic sensitivity analyses on key parameters, including the
DINOvV2 similarity threshold, the maximum matching distance thresh-
old, the evaluation buffer size, and the weighting decay denominator.

An ablation study was performed using thresholds of 0.80, 0.85, and
0.90 (Table 13). The median localization error remains stable within a
narrow range (4.43-4.59 m), indicating that geometric matching accu-
racy is largely unaffected by moderate variations in feature similarity
tolerance. Threshold 0.85 achieves the highest Fl-score (59.5%) by
balancing recall and precision, and is therefore adopted as the default
setting.

We evaluated search radii from 35 m to 100 m (Table 12). The
median error varies only slightly (4.45-4.69 m), demonstrating that the
core matching mechanism is stable across a wide spatial range. The
gradual increase in mean error reflects the inclusion of more distant
candidate matches with naturally higher spatial uncertainty rather
than degradation of the model itself. Beyond 40 m, improvements in
coverage become marginal while computational cost increases, making
40 m a practical trade-off between spatial coverage and efficiency.

We further evaluated the denominator « in the weighting function
exp(—dis/a) using values of 5, 8, 10, 12, and 15 (Table 14). The median
localization error remains within 4.47-4.54 m across all tested values,
confirming that moderate changes in decay rate do not materially affect
localization accuracy. @ = 10 provides a balanced decay behavior and
is adopted as the default.

Overall, these results indicate that the geometric localization frame-
work remains stable across broad parameter ranges. Parameter selec-
tion primarily influences evaluation tolerance or search scope rather
than the intrinsic matching accuracy, supporting the transferability of
the method to new urban environments.

6.2.3. Robustness analysis of orientation estimation and geometric modeling

Our approach utilizes OrienterNet (Sarlin et al., 2023) for camera
orientation estimation. To assess the impact of potential inaccuracies in
horizontal orientation (azimuth), we conducted a perturbation experi-
ment by introducing angular offsets of +1°, +3°, and +5°. As shown
in Table 15, the median localization error exhibits a minor upward
trend as the orientation offset increases, rising from 2.900 m (baseline)
to 3.260 m at a +5° perturbation. This marginal increase (+0.360 m)
confirms that while localization accuracy is positively correlated with

11
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orientation precision, the overall impact remains within a manageable
range for urban-scale mapping.

Although panoramic imagery originates from spherical projection,
Baidu Street View images are provided as rectified equirectangular
projections. Under this representation, horizontal pixel coordinates
correspond linearly to azimuth angles, allowing direct computation
of object bearings from pixel positions. As a result, lateral localiza-
tion primarily depends on azimuth estimation and depth estimation,
while higher-order lens distortion effects are largely mitigated by plat-
form rectification. Regarding geometric modeling, we employ a sim-
plified linear projection model for practical reasons. By using single-
perspective images rather than full panoramas, the model provides
sufficient approximation for tree detection while avoiding the need for
complex, often unavailable metadata required by more sophisticated
models. This trade-off between precision and scalability is common in
street-view analysis (Zhang et al., 2022; Yu et al., 2026).

We also evaluated the impact of pitch angle variations (vertical tilt).
According to Baidu Street View API documentation, the default pitch is
0°, offering the widest coverage. Comparative analysis of 0° vs. 5° pitch
datasets (1622 vs. 929 points) showed an average deviation of only
1.0-1.75 m in overlapping regions. In practical applications, we can
strictly filter for data with a 0° pitch angle through platform settings,
thereby minimizing the impact of such errors.

6.3. Seasonal variation in street-level tree classification

Seasonal variation in street-level tree imagery challenges visual
classification models, as changes in appearance can affect recognition
accuracy (Zhao et al., 2017; Han et al., 2023). The seasonal fluctuation
of vegetation also correlates with variations in ecosystem services, such
as urban thermal comfort (Chiang et al., 2023), highlighting the need
for seasonally robust classification methods.

Our study focuses on tree species that exhibit stable seasonal char-
acteristics. As shown in Fig. 10, dominant species in our primary study
area, such as the Banyan and Palm, exhibit minimal variation in canopy
structure and leaf morphology across seasons. This stability is typical
of subtropical evergreen species, which are commonly selected in cities
like Zhuhai for their ability to provide consistent shade and year-round
greenery.

In Zhuhai, street-view imagery was collected during a concentrated,
phenologically stable period (June-July), which provided a consistent
dataset for model development. Similarly, in Seoul, the images used for
cross-city validation were captured during another stable phenological
window (March-April), further supporting the model’s generalization
to stable evergreen-dominated urban forests. In contrast, the public
dataset from New York contains imagery from varied seasons; there-
fore, we deliberately restricted its application to the less seasonally
sensitive task of tree detection, avoiding phenological interference in
fine-grained species classification.

Future efforts could extend validation to deciduous-dominated ur-
ban areas, where stronger phenological shifts would provide a more
rigorous assessment of the method’s seasonal robustness.

6.4. Analysis of typical challenges and failure cases

Fig. 11 illustrates representative failure modes. In (a), BA is con-
fused with CH under canopy overlap and partial occlusion, where
discriminative trunk and structural cues are degraded and classification
increasingly depends on coarse canopy texture. (b)—(c) show boundary
ambiguity between Others and BA, particularly at moderate viewing
distances where fine-grained leaf morphology is not reliably resolved.
These errors indicate that confusions are concentrated near inter-class
decision boundaries under feature degradation rather than uniformly
across categories. In contrast, (d) demonstrates correct prediction de-
spite severe occlusion, indicating robustness when sufficient structural
cues are preserved.
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Table 10
Performance comparison of urban tree species classification across study areas, showing baseline pre-training results and location-
specific fine-tuning improvements. Metrics include Top-1 Accuracy (Top-1 Acc),Precision, Recall and F1 score (%). For subsequent

classification, we employed the Open-source dataset augmented with 3000 images in Seoul and Manual annotations augmented
with 2500 images in Zhuhai.

Study areas Pre-trained web-sourced images Performance metrics (%)
Top-1 Acc Precision Recall F1 score
Open-source dataset (Yang et al., 2023) X 67.80 73.43 68.17 67.78
Seoul Open-source dataset (Yang et al., 2023) ~1500 73.00 75.15 73.00 72.66
Open-source dataset (Yang et al.,, 2023) ~3,000 88.60 88.64 88.52 88.55
Zhuhai Manual annotations X 80.26 74.71 64.35 68.27
Manual annotations ~2,500 83.80 77.98 68.36 72.18
Table 11

Accuracy of tree prediction at different buffer thresholds b, in terms of Precision, Recall, and F1 score metrics (%). We evaluated
the accuracy of tree prediction based on tree detection results obtained using our YOLOv11 model.

Threshold New York Seoul Zhuhai

Precision Recall F1 score Precision Recall F1 score Precision Recall F1 score
b=4 m 43.2 48.2 45.6 38.3 36.5 37.4 48.3 29.5 38.9
b=5m 55.0 64.6 59.5 52.5 50.8 51.7 52.5 34.1 43.3
b=6 m 63.1 76.7 69.2 65.9 64.5 65.2 56.8 38.1 47.5

Autumn Winter

Fig. 10. Seasonal variation of dominant evergreen street trees (Palm and Banyan) in Zhuhai.

Table 12 Table 14
Sensitivity analysis of distance threshold selection. Sensitivity analysis of weighting scheme de-
Threshold (m) Median error (m) Mean error (m) nominator (a).
35 4.45 5.01 Denominator («) Median error (m)
40 4.49 6.70 5 4.54
50 4.58 6.74 8 4.47
60 4.62 6.89 10 4.49
80 4.65 7.30 12 4.54
100 4.69 7.46 15 4.54
Table 13 Table 15
Ablation study on DINOv2 similarity threshold. Impact of Orientation Perturbation on Lo-
Threshold Precision (%) Recall (%) F1 (%) Median error (m) calization Accuracy.
0.80 55.5 52.9 54.2 4.59 Orientation offset Median error (m)
0.85 55.0 64.6 59.5 4.49 Baseline (0°) 2.900
0.90 57.3 54.9 56.1 4.43
*1° 2.916
+3° 3.255
+5° 3.260

The pronounced performance gap of the “Other” category between
Seoul (3.0% precision) and Zhuhai (38.4% precision) is primarily asso-
ciated with differences in intra-class diversity. As summarized in Table
16, the Zhuhai “Other” class is dominated by a limited set of visually category aggregates a broader mixture of deciduous and evergreen
similar evergreen species, resulting in lower intra-class variance and taxa, increasing structural variability and boundary ambiguity, which
a more coherent visual representation. In contrast, the Seoul “Other” directly contributes to the observed disparity in precision.
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Fig. 11. Qualitative analysis of representative failure cases. Bounding box colors indicate species categories, BA (red), CH (purple), PA (yellow), and Others

(green); dashed boxes denote misclassifications.

Table 16
Comparison of the composition and visual characteristics of the “Other” category in Zhuhai and
Seoul.

Aspect Zhuhai “Other” Seoul “Other”

Representative species
Vegetation type
Visual coherence
Learning implication

Camphor, Elaeocarpus, Cinnamon
Predominantly evergreen broad-leaved
Relatively homogeneous canopy structure
Lower intra-class variance

Birch, Cherry, Maple, etc.
Mixed deciduous and evergreen
High morphological variability
High intra-class variance

It is important to note that the “Other” category represents a resid-
ual grouping of non-target taxa rather than a single botanical species,
and its performance therefore reflects the challenge of modeling het-
erogeneous taxa under a unified label.

7. Conclusion

This work introduces a novel urban street tree recognition method
to overcome the challenges of limited labeled data and high manual
annotation costs, enabling accurate street tree recognition and instance-
level mapping. We address the scarcity of labeled tree data through a
two-stage recognition method, effectively combining tree detection and
species classification. Furthermore, we developed StreetTreeMapper,
which uses the geometric relationship between street-view images and
OpenStreetMap (OSM) data to achieve improved accuracy and stability
in instance-level mapping. Experiments across different cities validate
the method’s practicality for large-scale urban vegetation monitor-
ing, resulting in relatively accurate street tree recognition and precise
instance-level mapping.

Future work may explore the frontier of model architecture and
scale to further enhance performance. At the architectural level, the
success of pre-trained Vision Transformers in related complex urban
sensing tasks, such as fusing multi-modal data for noise modeling
(Zhang et al., 2026), suggests their potential for learning more ro-
bust feature representations under street-view occlusions. A compar-
ative study of such advanced backbones for street tree recognition
would be valuable. Moreover, incorporating generative cross-view syn-
thesis with spatial-textual guidance (Ye et al., 2025b) could provide
synthetic overhead cues to bolster instance mapping robustness. At
the model scale level, larger vision foundation models (e.g., DINOv3)
could be investigated. However, for city-scale deployment under prac-
tical computational constraints, models like DINOv2-B/14 used in this

13

study provide a critical reference point for balancing discriminative
performance with inference efficiency. Systematic exploration across
this architecture-scale design space could yield optimal solutions for
different application scenarios.
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