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Highlights

What are the main findings?

• A GeoAI-based framework was developed to delineate individual street tree crowns
from high-resolution aerial imagery and to derive a remote sensing-based vitality
proxy by integrating NDVI, NDRE, and NDMI at the individual tree level.

• The analysis revealed spatially varying vitality patterns across urban environments.
Trees along major road corridors generally showed lower spectral vitality signals,
while those near parks, riverfront walkways, and recently developed residential areas
tended to exhibit higher values. NDMI captured moisture-related variation that was
not fully reflected by chlorophyll-related indices.

What are the implication of the main findings?

• The proposed framework provides a scalable and repeatable approach for screening
and monitoring street tree vitality over large urban areas, complementing traditional
field-based inspections rather than replacing them.

• By highlighting areas with clusters of low-vitality tree signals, the method offers
a practical decision-support tool for prioritizing field diagnosis and informing data-
driven urban green-infrastructure management within smart-city planning contexts.

Abstract

Urban street trees provide essential environmental and social benefits, yet their vitality
is often challenged by adverse urban conditions such as traffic emissions, impervious
surfaces, and limited soil moisture. Conventional street tree management relies heavily on
labor-intensive field inspections, making large-scale and repeatable assessment difficult. To
address this limitation, this study proposes a GeoAI-based framework that integrates high-
resolution aerial imagery, multispectral satellite data, and deep learning–based semantic
segmentation to automatically delineate individual street trees and derive a remote sensing-
based vitality proxy. Street trees are detected from orthorectified aerial imagery using
semantic segmentation models, and vegetation indices—including NDVI, NDRE, and
NDMI—are extracted from multispectral satellite imagery. An area-weighted object–pixel
matching strategy is applied to associate spectral indicators with individual crowns across
multi-resolution datasets. A composite vitality proxy is then constructed by integrating
chlorophyll- and moisture-related indices. The results reveal spatial variability in spectral
vitality signals across different urban environments. Trees along major road corridors
tended to exhibit lower chlorophyll- and moisture-related indicators, while those near
parks, riverfront walkways, and recently developed residential areas generally showed
higher values. NDMI provided complementary insights into moisture-related stress that
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were not fully reflected by chlorophyll-based indices. Although the proposed vitality
proxy is not a substitute for field-based diagnosis, the overall framework offers a scalable
approach for citywide screening and prioritization of potentially stressed trees, supporting
data-informed urban green infrastructure management within smart-city planning contexts.

Keywords: street tree vitality; GeoAI; deep learning; semantic segmentation; vegetation
indices; multispectral satellite imagery; urban green infrastructure; smart cities

1. Introduction
Urban street trees provide a wide range of environmental and social benefits. They

play a critical role in improving urban air quality by absorbing particulate matter and
mitigating the urban heat island effect [1,2]. In addition, street trees offer thermal comfort
to pedestrians by blocking intense solar radiation during summer, thereby enhancing
walkability and outdoor livability in urban areas [3]. Despite these benefits, street trees in
dense urban environments are frequently exposed to adverse conditions such as vehicle
exhaust emissions, increased surface runoff from impervious pavements, and prolonged
exposure to artificial night lighting, all of which can negatively affect tree growth and
physiological functioning [4,5].

Under such stressful urban conditions, maintaining the vitality of street trees is of
paramount importance. Tree vitality generally refers to the overall health condition of
vegetation or its ability to cope with environmental stress, which is closely associated
with growth potential and long-term survivability [6,7]. Because urban trees typically
experience higher levels of physiological stress than their rural counterparts, they tend to
have shorter lifespans [8,9]. Consequently, systematic and continuous assessment of tree
vitality is essential for sustainable urban forest management.

Globally, street tree vitality assessment is commonly conducted through a two-stage
process consisting of an initial visual inspection followed by a secondary detailed diag-
nosis when necessary. Examples include New York City’s tree inventory program, the
Runnymede Borough in the United Kingdom, Singapore’s Visual Tree Assessment (VTA)
procedures, and methodological frameworks proposed by the Seoul Institute of Technology
in South Korea [10–13]. Although these approaches allow for detailed field-based evalua-
tion, they require substantial time, labor, and financial resources, which limits scalability
and repeatability across large urban areas [14].

Recent advances in high-resolution remote sensing and deep learning have opened
new opportunities for developing efficient, large-scale vitality assessment methods. These
technologies are particularly valuable for urban street trees, which are more vulnerable to
vitality decline due to constrained rooting environments, pollution exposure, and limited
soil moisture. Therefore, establishing a scalable and systematic framework for monitoring
street tree vitality has become increasingly important.

In this context, this study proposes an integrated GeoAI-based framework that com-
bines deep learning-based individual tree detection with multi-source aerial and satellite
imagery to derive a remote sensing-based vitality proxy for urban street trees. Unlike con-
ventional field-based inspections and prior remote sensing studies that typically focus on
single health-related indicators (e.g., pest infestation, disease occurrence, or dead tree iden-
tification), the proposed framework enables object-level analysis by delineating individual
tree crowns and integrating multiple vegetation indices related to photosynthetic activity
and moisture conditions. While this approach does not replace field-based physiological
diagnosis, it provides a scalable and repeatable method for citywide screening and prioriti-

https://doi.org/10.3390/smartcities9020031

https://doi.org/10.3390/smartcities9020031


Smart Cities 2026, 9, 31 3 of 26

zation, offering practical value for data-driven urban green infrastructure management in
smart city contexts.

The remainder of this paper is organized as follows. Section 2 reviews related studies
on deep learning-based street tree detection and vegetation vitality analysis. Section 3
describes the data and methodologies employed. Section 4 presents the experimental
results, followed by a discussion in Section 5. Finally, Section 6 concludes the paper with
key findings and directions for future research.

2. Related Works
2.1. Deep Learning-Based Analysis of Tree Vitality Using Remote Sensing Data

To overcome the limitations of field-based street tree vitality assessments, a growing
body of research has increasingly adopted remote sensing-based approaches. However,
most existing studies using remote sensing data have primarily focused on identifying
specific anomalous conditions, such as pest and disease infection or dead tree detection,
rather than comprehensively assessing tree vitality [15–18].

For instance, Kampen et al. [15] treated tree mortality rate as a proxy for tree vitality
and classified ash tree vitality into five levels while also analyzing pest infestation in spruce
trees. Their study utilized UAV imagery incorporating RGB, near-infrared (NIR), and red-
edge bands, together with field survey data. A total of seven vegetation indices, including
the Normalized Difference Red Edge Index (NDRE), along with texture features, were used
as input variables for a Random Forest classifier. The results showed an overall accuracy
of 61.7% for vitality level classification and 86.6% for pest infestation detection. Similarly,
Yao et al. [17] employed a Mask R-CNN model to detect individual trees and classified
living and dead trees by integrating 4 cm resolution UAV imagery, field survey data, and
a Digital Surface Model (DSM). Six vegetation indices, including Normalized Difference
Vegetation Index (NDVI), were used as model inputs. Their findings indicated that RGB
band combinations were most effective for detecting living trees, whereas a combination of
RGB imagery and DSM data yielded the best performance for dead tree detection. These
studies largely define tree health or vitality in terms of the presence of pests or mortality
status, thereby limiting vitality assessment to specific stress outcomes.

In contrast, several studies have attempted to quantitatively investigate the relation-
ship between tree vitality and vegetation indices [19–21]. Einzmann et al. [19] examined
whether early-stage growth decline in spruce trees could be detected using remote sensing
data. They employed 50 cm resolution RGB aerial imagery, field-based visual assessments,
and temporally sampled leaf spectral measurements. Reflectance values from individual
spectral bands and 15 vegetation indices, including NDVI and Normalized Difference
Water Index (NDWI), were used as input variables for a Random Forest classifier. Their
results demonstrated the potential of vegetation indices to capture early vitality decline.
Meanwhile, Xiao et al. [20] developed a tree health index based on NDVI to map urban
tree health conditions. In their approach, tree health was defined as the proportion of
healthy pixels within the total canopy area, where healthy pixels were identified using
species-specific NDVI thresholds. Trees with a health index greater than 70% were classified
as healthy. When compared with field-based tree health assessments, the proposed method
achieved accuracies of 86% for deciduous broadleaf trees and 91% for coniferous trees.
These findings suggest that NDVI-based individual-tree analysis can provide meaningful
vitality-related information for urban forest management.

With recent advances in deep learning techniques and the increasing availability of
high-resolution aerial and satellite imagery, automatic detection of urban street trees has
become increasingly feasible. As a result, substantial research efforts have focused on
urban canopy mapping, individual tree detection and segmentation, and vegetation change

https://doi.org/10.3390/smartcities9020031

https://doi.org/10.3390/smartcities9020031


Smart Cities 2026, 9, 31 4 of 26

detection [22–26]. Among these studies, Martins et al. [22] mapped urban tree canopies
in Brazilian cities using 10 cm resolution RGB aerial imagery and semantic segmentation–
based deep learning models. They compared several architectures, including Fully Convo-
lutional Networks (FCN), U-Net, SegNet, and DeepLabV3+, and reported that DeepLabV3+
achieved the best performance, with an overall accuracy of 96%. Similarly, Lv et al. [23]
aimed to improve individual tree detection accuracy in complex urban environments by
proposing a Mask R-CNN–based instance segmentation model. Using 0.1 m resolution
RGB UAV imagery acquired over a university campus, their model achieved a high average
precision of 92.4%, demonstrating the effectiveness of deep learning for fine-scale urban
tree detection.

2.2. Vegetation Indices for Street Tree Vitality Analysis

Because previous studies that integrate multiple vegetation indices to estimate overall
tree vitality remain limited, this study derives a composite vitality indicator by focusing
on vegetation indices that are widely used in practice and have demonstrated strong
correspondence with field-based observations.

NDVI is the most commonly used indicator for vegetation health assessment. Owing
to its strong correlation with photosynthetically active radiation (PAR) [21], NDVI is widely
recognized as a representative proxy for photosynthetic activity. Xiao et al. [20] evaluated
urban tree health using an NDVI-based Tree Health Index and reported an accuracy of 86%
when compared with field-measured tree conditions. More recently, Hocknell et al. [18]
employed Landsat NDVI time series to detect canopies infected by Dutch elm disease,
achieving a detection precision of 71%. These studies collectively demonstrate that NDVI
is effective for quantitatively diagnosing tree physiological conditions, including photosyn-
thetic vigor and stress caused by pests and diseases.

Despite its widespread use, NDVI exhibits a well-known saturation problem at high
leaf area index (LAI) levels or during peak vegetation growth periods, beyond which
index values no longer increase proportionally [27–30]. The imagery used in this study
was acquired during August–September, when vegetation growth typically reaches its
maximum, raising the possibility that NDVI saturation could lead to underestimation
of vitality variations. To address this limitation, several alternative indices have been
proposed, including the Enhanced Vegetation Index (EVI), the Modified Soil Adjusted
Vegetation Index (MSAVI2), and the NDRE.

EVI was developed to mitigate NDVI saturation while reducing the effects of atmo-
spheric aerosol scattering and soil background reflectance. It is designed to remain sensitive
in densely vegetated areas [31] and is expressed as:

EVI =
NIR − Red

NIR + C1 ∗ Red − C2 ∗ Blue + L
(1.5 + L) (1)

MSAVI2 was introduced as an improvement over the Soil Adjusted Vegetation Index
(SAVI) by automatically estimating the soil adjustment factor L, thereby minimizing soil
reflectance effects. This index is particularly useful during early growth stages or in areas
with substantial soil exposure [32]. MSAVI2 partially alleviates NDVI saturation and has
been widely applied in arid regions and early-stage vegetation monitoring:

MSAVI2 =
2NIR + 1 −

√
(2NIR + 1)2 − 8(NIR − RED)

2
(2)

NDRE was specifically designed to retain NDVI’s sensitivity to photosynthetic activity
while reducing saturation effects by utilizing the red-edge band. NDRE remains responsive
in high-vigor vegetation and is particularly effective for detecting variations in chlorophyll
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concentration and photosynthetic activity during late growth stages [30,33]. In addition to
physiological vitality, NDRE has been shown to be effective for detecting pest- and disease-
related stress. For example, Simović et al. [34] demonstrated that NDRE could successfully
identify vitality decline in insect-damaged trees. Similarly, Abdollahnejad et al. [16] and
Kampen et al. [15] reported that red-edge-based vegetation indices were highly effective for
tree health assessment and pest detection. These findings indicate that combining multiple
vegetation indices can mitigate the limitations of NDVI while enabling indirect yet robust
estimation of vegetation vitality.

In urban environments, trees exposed to high concentrations of particulate matter tend
to exhibit lower relative leaf water content [35]. This suggests that accurate assessment
of urban tree vitality requires not only chlorophyll-based indicators but also indices that
capture vegetation water status. Accordingly, this study incorporates moisture-related
indices to jointly reflect photosynthetic activity and water stress in vitality estimation.

Among moisture-related indices, the Normalized Difference Moisture Index (NDMI)
is widely used to estimate vegetation water content by normalizing NIR and shortwave
infrared (SWIR) reflectance. In addition, the Moisture Stress Index (MSI) quantifies vege-
tation water stress using an non-normalized ratio of SWIR to NIR reflectance [36], where
higher values indicate greater moisture stress (water deficiency) and lower values indicate
higher water content. While other moisture indices, such as the Soil Moisture Index and
Crop Moisture Index, have been proposed in agricultural studies, they require estima-
tion of parameters such as wilting point, field capacity, or evapotranspiration anomaly
indices, resulting in increased computational complexity and limited applicability in urban
contexts [37]. The MSI is defined as:

MSI =
SWIR
NIR

(3)

Overall, the reviewed vegetation indices and related studies demonstrate that spectral
indices are closely associated with vegetation stress responses, growth decline, and health
conditions. These findings suggest that vegetation indices can provide an efficient and
quantitative basis for assessing tree vitality, particularly when multiple indices are jointly
considered to capture complementary physiological characteristics.

3. Materials and Methods
This study aims to accurately detect individual urban street trees using deep learning

applied to aerial imagery and to estimate tree vitality at the individual-tree level by com-
puting vegetation indices from multispectral satellite imagery. The proposed framework
consists of three main stages. First, individual street trees are detected from high-resolution
aerial orthophotos using a deep learning-based approach. Second, multiple vegetation in-
dices are calculated from multispectral satellite imagery. Finally, the vegetation indices are
spatially associated with individual tree objects using an area-weighted matching scheme,
and a composite tree vitality index is derived by applying score intervals and weights to
each vegetation index. The overall workflow of the proposed methodology is illustrated in
Figure 1.

3.1. Study Area and Data Sources

The study area is Anyang, located at approximately 37◦23′ N and 126◦55′ E (Figure 2).
Anyang is a medium-sized city with a population of approximately 560,000 and features
a heterogeneous urban landscape characterized by high-rise buildings, linear green cor-
ridors such as the Hakui Stream walkway, neighborhood parks, and various types of
public green spaces. These diverse urban settings provide a representative range of street
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tree planting environments, making the study area particularly suitable for training and
evaluating deep learning-based street tree detection models. The coexistence of dense
built-up areas and multiple forms of urban greenery enables robust assessment of model
performance under varying spatial and environmental conditions. The characteristics of
the imagery datasets used in this study are described as follows.

Figure 1. Workflow of the proposed framework for individual street tree detection and vegetation
index-based vitality assessment using aerial and multispectral satellite imagery.

• Orthorectified aerial imagery: To construct the training dataset for street tree detection,
this study utilized orthorectified aerial imagery freely provided by the National Geo-
graphic Information Institute (NGII). The imagery consists of RGB bands with a spatial
resolution of 25 cm and is acquired at flight altitudes of approximately 2000–4000 m.
The data are produced through orthorectification and radiometric color correction of
aerial photographs collected within the same year, with a nominal acquisition cycle
of two years. For this study, aerial imagery acquired in the summer of 2020 was
selected, corresponding to the peak vegetation growth period and enabling optimal
performance for street tree detection.

• CAS500-1: To compute vegetation indices and derive tree vitality metrics, this study
employed imagery from CAS500-1, a domestically developed Earth observation satel-
lite operated by the South Korean government since October 2021. CAS500-1 has
a revisit cycle of approximately 4.6 days and provides a 0.5 m resolution panchromatic
band, as well as 2 m resolution multispectral bands, including red, green, blue, and
NIR. In this study, cloud-free imagery acquired on 8 August 2023 was used, corre-
sponding to the summer season when vegetation conditions are most pronounced.

• Sentinel-2 satellite imagery: Multispectral imagery from Sentinel-2, operated by the
European Space Agency (ESA), was additionally used to complement the CAS500-1
data. Sentinel-2 provides 13 spectral bands, including red, green, blue, NIR, red-edge,
and SWIR bands, with spatial resolutions ranging from 10 to 60 m and a revisit cycle of
approximately five days. Imagery acquired on 24 September 2023—temporally close
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to the CAS500-1 acquisition—was selected. The inclusion of Sentinel-2 data enables
the calculation of vegetation indices based on red-edge and SWIR bands, which
are not available in CAS500-1 imagery, thereby supporting a more comprehensive
vitality analysis.

• It should be noted that the orthorectified aerial imagery and CAS500-1 imagery are
subject to security regulations imposed by the data providers; consequently, sensitive
facilities such as military installations and thermal power plants are masked prior to
data release. In contrast, Sentinel-2 imagery is not subject to such masking procedures.
As a result, visual discrepancies between datasets may appear within the same study
area, as illustrated in the lower-left portion (approximately the 7 o’clock direction) of
Figure 3.

Figure 2. Study area of Anyang City, South Korea: (a) its location within the national context;
(b) high-resolution aerial imagery of the study area; (c) road network data used to define street tree
planting zones.

 

Figure 3. Multi-source imagery used in this study: (a) orthorectified aerial imagery from 2020; (b) true
color CAS500-1 imagery on 8 August 2023; (c) true color Sentinel-2 imagery on 24 September 2023.

3.2. Street Tree Detection
3.2.1. Training Dataset

Because no publicly available training dataset adequately reflects the regional charac-
teristics of the study area, and because the local government of Anyang does not provide
detailed information on street tree locations or structures, a high-quality training dataset
was manually constructed for this study. The dataset was developed for the Gwanyang-
dong area and includes a wide range of urban landscapes, such as arterial roads, pedestrian
walkways, apartment complexes, and low-rise multi-family residential areas (Figure 4).
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The primary focus in dataset construction was the accurate delineation of individual tree
crowns. Accordingly, all annotations were performed at the crown level. In areas where
trees were densely planted or where crown boundaries were ambiguous due to shadows or
occlusions, individual tree boundaries were carefully identified by considering crown color,
texture, and relative size. Trees whose entire crowns were heavily obscured by shadows
cast by high-rise buildings were excluded from the training dataset, as visual interpretation
reliability was deemed insufficient.

Figure 4. Study sub-area used for constructing the training dataset for street tree detection, with the
boundary highlighted in red.

In total, 10,021 individual tree objects were annotated. By incorporating street trees
planted across diverse urban environments—including apartment complexes, multi-family
housing areas, major roads, and pedestrian corridors—the dataset was designed to enable
the deep learning model to learn the spatial heterogeneity and structural variability of
urban trees. For model input preparation, the orthorectified aerial imagery was partitioned
into square tiles of 512 × 512 pixels. To mitigate potential detection errors along tile
boundaries, a stride of 128 pixels (corresponding to a 75% overlap) was applied. This tiling
strategy resulted in a total of 1215 paired training samples. Representative examples of
the training data and corresponding ground-truth tree crown masks across different urban
contexts are illustrated in Figure 5.

3.2.2. Model Training

In this study, five representative semantic segmentation architectures—U-Net,
DeepLabV3, Mask2Former, FCN, and HRNet—were trained to detect individual street
trees from high-resolution aerial imagery. All models were implemented within the ArcGIS
Pro 3.4 deep learning environment, which is built upon the MMSegmentation framework.

To ensure a fair and reproducible comparison across architectures, all models were
trained under identical hyperparameter settings. Specifically, the batch size was set to 4,
the number of training epochs to 20, and padding to 128 pixels. A slice-based differential
learning rate schedule was applied, in which lower learning rates were assigned to early
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backbone layers and higher rates to task-specific prediction heads. Table 1 summarizes the
learning rate ranges used for each model. All experiments were conducted on a workstation
equipped with an NVIDIA RTX 5070 GPU (8 GB memory) and 32 GB RAM.

Figure 5. Examples of training data for street tree detection, including original aerial imagery and
corresponding ground truth masks.

Table 1. Learning-rate ranges applied to each model.

Learning Rate Range

Mask2former 6.31 × 10−6~6.31 × 10−5

U-Net 6.31 × 10−6~6.31 × 10−5

DeepLabV3 7.59 × 10−4~7.59 × 10−3

HRNet 1.45 × 10−4~1.45 × 10−3

FCN 7.59 × 10−4~7.59 × 10−3

An Adam optimizer with default momentum parameters (β1 = 0.9, β2 = 0.999) and
a weight decay of 0.0005 was used for all models. A learning rate decay policy was
applied such that training automatically terminated when loss stagnation or no further
improvement was observed during later epochs. This early-stopping mechanism ensured
both stable convergence and comparable training behavior across architectures.

Because ArcGIS Pro’s MMSegmentation-based tools do not provide direct access to
internal layer configurations or parameter counts for each architecture, this study focuses
on model-level performance comparisons rather than on architectural decomposition. To
improve architectural transparency despite these interface limitations, the standard MM-
Segmentation configurations used for each model are summarized in Table 2. This table
outlines the backbone network, segmentation head architecture, and approximate total
parameter count for all five models evaluated in this study. Although ArcGIS does not
expose internal layer-level definitions, the models strictly follow the official MMSegmenta-
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tion reference implementations, and the tabulated specifications help clarify the structural
differences that contribute to the observed performance variations. For transparency, epoch-
wise training and validation loss curves for all models, as well as learning rate progression
plots, are included in Appendix A.

Table 2. Model Architectures and Parameter Specifications.

Model Name
(in the Study)

Model
(MMSegmentation) Backbone Head Architecture Total Parameters

Mask2former MMSegmentation Mask2former Transformer ~44M
U-Net U-Net ResNet-50 Convolutional Decoder ~31M

DeepLabV3 DeepLabV3 ResNet-50 ASPP (Atrous Spatial
Pyramid Pooling) ~41M

HRNet MMSegmentation HRNet High-Resolution Multi-Branch ~9.6M

FCN MMSegmentation FCN UpSampling
Classified head ~32M

Model performance was evaluated using Precision, Recall, and F1 score, which are
defined as follows. Precision represents the proportion of pixels predicted as street trees
that are correctly classified as street trees and is calculated based on True Positives (TP) and
False Positives (FP):

Precision =
TP

TP + FP
(4)

Here, TP denotes pixels that are correctly classified as street trees, while FP represents
pixels that are incorrectly classified as street trees despite belonging to non-tree classes.

Recall measures the proportion of actual street tree pixels that are correctly identified
by the model and is computed using TP and False Negatives (FN):

Recall =
TP

TP + FN
(5)

In this context, FN refers to pixels that correspond to street trees but are not detected
as such by the model.

Finally, the F1 score is defined as the harmonic mean of Precision and Recall, providing
a balanced evaluation metric that accounts for both false positives and false negatives:

F1 Score =
2 × recision × Recall

Precision + Recall
(6)

The F1 score is particularly useful in evaluation scenarios where a balance between
Precision and Recall is critical, as the metric decreases when either component exhibits
low performance.

3.3. Vegetation Index Selection and Calculation

To evaluate the vitality of urban street trees, this study selected NDVI, NDRE, and
NDMI based on a comprehensive review of remote sensing-based vegetation assessment
research. These indices are widely used in monitoring vegetation health and have demon-
strated strong correspondence with field-observed physiological indicators reported in
previous studies.

NDVI is the most commonly used index for estimating vegetation vigor and has been
shown to effectively capture photosynthetic activity, overall tree health, and the presence
of pests or diseases [18,20]. However, NDVI exhibits a well-known saturation problem in
dense canopies or during peak growing seasons, which can reduce its sensitivity to subtle
vitality variations.

https://doi.org/10.3390/smartcities9020031

https://doi.org/10.3390/smartcities9020031


Smart Cities 2026, 9, 31 11 of 26

Several alternative indices were reviewed as possible complements to NDVI. The
Enhanced Vegetation Index (EVI) was designed to reduce NDVI saturation, but it depends
on fixed coefficients (G = 2.5, C1 = 6.0, C2 = 7.5, L = 1.0) calibrated specifically for MODIS.
As a result, EVI may show inconsistent behavior across sensors due to variations in atmo-
spheric correction procedures and blue-band sensitivity [31]. The MSAVI2 index is effective
in arid environments and early phenological stages, but its non-normalized formulation
makes it more sensitive to radiometric calibration differences across sensors [38,39]. Given
these limitations, both indices were considered less suitable for assessing street trees in
dense, built-up urban environments.

In contrast, NDRE incorporates the red-edge band, allowing sensitive detection of
chlorophyll concentration and vitality changes during mid-to-late growth stages [30,33].
Because NDRE is normalized, it is less influenced by cross-sensor radiometric variability.
Numerous studies have shown that red-edge-based indices effectively detect pest-induced
stress and estimate physiological vitality in trees [15,16,34]. Therefore, NDRE was selected
as a complementary index to address NDVI saturation while retaining robustness across
multispectral satellite platforms.

While NDVI and NDRE capture chlorophyll-related properties, they do not directly
represent tree moisture conditions. In operational settings, arboricultural vitality assess-
ments routinely evaluate water status alongside canopy greenness, underscoring the impor-
tance of moisture-sensitive indicators. For this reason, the Normalized Difference Moisture
Index (NDMI) was included to quantify water stress. NDMI is widely used for assessing
vegetation moisture dynamics, and previous studies such as Varouchakis et al. [40] em-
phasize that combining NDVI and NDMI enables a more comprehensive evaluation of
vegetation physiological conditions and soil–plant water interactions.

Taken together, NDVI, NDRE, and NDMI were selected as a complementary set be-
cause they collectively capture three essential dimensions of tree vitality—photosynthetic
vigor, chlorophyll content, and moisture status—while avoiding the sensor-specific or
context-dependent limitations associated with alternative indices. This multi-index ap-
proach provides a more balanced and robust proxy for assessing urban street tree vitality
in diverse environmental conditions.

3.3.1. NDVI Calculation Using CAS500-1 Imagery

In this study, NDVI was calculated using imagery acquired from the CAS500-1 satellite.
NDVI is the most widely used vegetation index in remote sensing for estimating vegetation
vitality and is derived from the contrast in reflectance between the red and NIR spectral
bands. Vegetation with active photosynthesis strongly absorbs red light while reflecting
a large proportion of NIR radiation, allowing NDVI to serve as an indirect indicator of
plant growth conditions and physiological status [41].

NDVI values range from −1 to 1, with higher values generally indicating healthier
and more vigorous vegetation [42]. Specifically, NDVI values of 0.2 or lower are typically
associated with vegetation exhibiting little to no photosynthetic activity and poor health
conditions [43]. Values between 0.2 and 0.4 indicate low levels of photosynthetic activity,
whereas values exceeding 0.4 are commonly interpreted as representing healthy vegetation.
In a related study, Aryal et al. [44] employed an NDVI threshold of 0.6 to distinguish
healthy trees from stressed trees, achieving a classification accuracy of 85%.

These empirical thresholds provide a useful reference for interpreting NDVI-derived
vitality levels in urban street trees and support the application of NDVI as a core component
of the vitality assessment framework in this study.

NDVI =
NIR − Red
NIR + Red

(7)
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3.3.2. NDRE and NDMI Calculation Using Sentinel-2 Imagery

NDRE and NDMI were calculated using multispectral imagery acquired from Sentinel-
2. NDRE is computed using the NIR and red-edge bands and is particularly effective
for detecting variations in chlorophyll content and vegetation vitality during late growth
stages [45,46]. NDRE values in the range of 0.25–0.64 generally indicate healthy vegetation
with active photosynthetic processes, whereas values below 0.2 are commonly associated
with vegetation under physiological stress [47].

NDRE =
NIR − Red Edge
NIR + Red Edge

(8)

NDMI, which is designed to capture vegetation water content, is calculated using
the NIR and SWIR bands [48]. NDMI values range from −1 to 1, with values closer to
the positive end indicating vegetation with higher moisture content, while values at or
below zero represent moisture-deficient or non-vegetated surfaces. Specifically, NDMI
values between 0 and 0.2 correspond to high levels of water stress, values between 0.2 and
0.4 indicate relatively low water stress, and values greater than 0.4 represent vegetation
experiencing little to no water stress [49–51]. By jointly incorporating NDRE and NDMI
derived from Sentinel-2 imagery, this study captures both chlorophyll-related vitality
and moisture-related stress, enabling a more comprehensive assessment of urban street
tree vitality.

NDMI =
NIR − SWIR
NIR + SWIR

(9)

3.4. Vegetation Index Aggregation at the Individual Tree Level

In this study, vegetation indices were spatially associated with individual street tree
crowns by explicitly accounting for the degree of spatial overlap between crown objects
and raster pixels. For the CAS500-1 imagery, the relatively high spatial resolution (2 m)
results in multiple pixels being contained within a single tree crown. In contrast, Sentinel-2
imagery has a coarser spatial resolution (10 m), which often causes tree crowns to intersect
pixel boundaries.

To address these differing overlap characteristics, an area-weighted averaging ap-
proach was adopted, in which the proportion of overlap between each pixel and a given
tree crown was used as a weighting factor. Specifically, a pixel that completely overlaps
a tree crown is assigned a weight of 1.0, whereas a pixel with a 71% overlap contributes
a weight of 0.71 to the crown-level vegetation index calculation (Equation (10)). The
area-weighted mean vegetation index for crown object k is defined as:

Vk =
∑nk

j=1 vi × akj

∑nk
j=1 akj

(10)

where Vk denotes the area-weighted mean vegetation index of crown object k, vi represents
the vegetation index value of pixel j, akj is the overlapping area between pixel j and
crown object k, and nk is the total number of pixels overlapping with crown object k.
By incorporating pixel-level overlap proportions, this approach enables a more accurate
aggregation of vegetation indices at the individual tree level, particularly when integrating
multisource imagery with differing spatial resolutions.

3.5. Vitality Index Calculation

To quantitatively assess street tree vitality, NDVI, NDRE, and NDMI values were
converted into a five-level scoring scheme based on the interpretation thresholds reported
in previous studies (see Sections 3.3.1 and 3.3.2). In general, vegetation index values
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exceeding 0.4 are commonly interpreted as indicating healthy vegetation, and several
studies have reported that using a threshold of 0.6 enables high-accuracy classification of
healthy trees. Based on these findings, tree crowns with NDVI values greater than 0.5 were
assigned relatively high scores (≥4 points) in this study (Table 3).

Table 3. Threshold-based scoring scheme for NDVI, NDRE, and NDMI used to quantify street tree vitality.

Score NDVI NDRE NDMI

5 ≤1.0 ≤0.69 ≤0.42
4 ≤0.7 ≤0.45 ≤0.3
3 ≤0.5 ≤0.35 ≤0.2
2 ≤0.3 ≤ 0.25 ≤0.1
1 ≤0.1 ≤0.1 ≤0.0

For NDRE, prior studies have suggested that values within the range of 0.25–0.64
represent healthy vegetation conditions. Accordingly, NDRE values of 0.25 or higher
were assigned higher scores, while values below 0.25 were assigned lower scores. In the
case of NDMI, score intervals were defined at approximately 0.1 increments based on the
maximum NDMI value observed in the study area (0.42), allowing relative differentiation
of vegetation water status between individual trees.

To construct a composite vitality index, weights were assigned to each vegetation index
by considering both their physiological relevance and the spatial resolution of the source
imagery. NDVI, which is widely regarded as a representative indicator of vegetation vitality
and was derived from relatively high-resolution imagery, was assigned a weight of 0.5.
NDRE and NDMI, which serve complementary roles and were derived from comparatively
lower-resolution imagery, were each assigned a weight of 0.25.

Finally, the vitality index was defined as the weighted sum of the three index scores, as
expressed in Equation (11). Based on the resulting index values, individual street trees were
classified into five vitality grades (Table 4), enabling an intuitive and scalable representation
of street tree health conditions at the urban scale.

Vitality Index = 0.5 × NDVI_Score + 0.25 × NDRE_Score + 0.25 × NDMI_Score (11)

Table 4. Score classification and corresponding health classes for the composite street tree vitality index.

Score Health Class Vitality Index

5 Very Healthy ≤5
4 Healthy ≤4.2
3 Moderate ≤3.4
2 Unhealthy ≤2.6
1 Very Unhealthy ≤1.8

In this study, “vitality” is operationalized as a remote sensing-derived proxy indicator
constructed from canopy-level spectral responses (NDVI, NDRE, and NDMI) aggregated
to the individual-tree level. This index is intended for large-area screening and relative
prioritization of street trees under potentially unfavorable conditions, rather than as a direct
measurement of physiological status or an exact substitute for field-based tree condition
assessments (e.g., VTA classes or arborist diagnoses).
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4. Results
4.1. Street Tree Detection Results: Quantitative and Qualitative Evaluation

The performance of each deep learning model trained on the constructed dataset is
summarized in Table 5. Overall, Mask2Former achieved the highest performance across
all evaluation metrics, including Precision, Recall, and F1 score. Approximately 80% of
the trees detected by Mask2Former corresponded to actual street trees, and about 79% of
all street trees were correctly identified, resulting in an F1 score of 79.7%. U-Net exhibited
relatively stable performance, ranking second overall. HRNet achieved high Precision but
comparatively lower Recall, indicating a tendency to detect only trees with high confidence
while missing a portion of actual street trees. In contrast, FCN recorded the lowest Recall
and F1 score among all models.

Table 5. Quantitative performance comparison of semantic segmentation models for street tree detection.

Precision Recall F1 Score

Mask2former 0.805006 0.791109 0.797997
U-Net 0.779623 0.735250 0.756786

DeepLabV3 0.673173 0.766363 0.716752
HRNet 0.812466 0.660117 0.728411

FCN 0.757628 0.551082 0.638056

However, these numerical performance metrics were not fully preserved when the
trained models were applied to the entire urban extent of Anyang. Although Mask2Former
achieved the highest quantitative scores, its detection outputs often exhibited blurred or
merged crown boundaries, making it difficult to distinguish individual trees. As shown in
Figure 6, adjacent crowns were frequently detected as a single connected object. In contrast,
U-Net demonstrated a clear advantage in accurately delineating individual tree crowns
and preserving boundary sharpness. To more rigorously quantify boundary-level detection
performance, a Boundary Recall metric was computed. Boundary Recall evaluates how
accurately a model reproduces ground-truth crown boundaries and was calculated using
a ±2-pixel tolerance to account for small spatial misalignments. Both predicted and ground
truth boundaries were dilated by two pixels, and the proportion of overlapping boundary
pixels was used to compute the metric (Equation (12)). Table 6 summarizes the Boundary
Recall values for all models.

Boundary Recall =
Predicted Boundary ∩ Dilated Ground Truth Boundary

Ground Truth Boundary
(12)

U-Net achieved the highest Boundary Recall (0.688), indicating the most accurate
reproduction of fine-scale crown boundaries and the fewest missed edges. DeepLabV3,
FCN, and HRNet exhibited substantially lower Boundary Recall values (<0.51), consis-
tent with their tendency to merge neighboring crowns or lose thin boundary structures.
Mask2Former, despite strong overall Precision and F1, also showed reduced Boundary
Recall (0.634), reflecting boundary ambiguity observed in qualitative inspection. Because
the primary objective of this study is to assess vegetation condition and vitality at the
individual-tree level, accurate separation between adjacent crowns is critical. Given its
superior boundary reproduction and clearer crown delineation, U-Net was selected as the
final model for vegetation index matching and vitality assessment.

To further refine the set of street tree objects detected by U-Net, polygon-based road
network data were incorporated to filter out non-street trees. Because street trees are
typically planted within or immediately adjacent to road corridors, a 2 m buffer was
generated along road boundaries, and only tree crown objects intersecting this buffer
were retained as valid street trees. In contrast, trees located outside the buffered road
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areas were excluded from the final street tree dataset. Highways and tunnels, which
are not designated street tree planting areas, were explicitly excluded from this filtering
process. This spatial-rule-based post-processing step ensured that the final set of detected
trees corresponded more closely to the operational definition of street trees used in urban
management practices.

Figure 6. Visual comparison of street tree detection results produced by different semantic segmenta-
tion models. Red boxes highlight regions where the models show notable differences in boundary
delineation or crown separation.

Table 6. Boundary Recall of the semantic segmentation models.

Mask2former U-Net DeepLabV3 HRnet FCN

Recall 0.634 0.688 0.451 0.508 0.41
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4.2. Vegetation Index Matching Results
4.2.1. NDVI Matching Results

Figure 7 presents the results of street tree detection and the subsequent matching of
NDVI values at the individual tree level across the study area. Areas displayed in pink or
light pink were more frequently associated with commercial and industrial zones, dense
multi-family residential areas (A), and locations adjacent to major road corridors (B). In
these areas, NDVI values tended to fall below 0.3, suggesting relatively low photosynthetic
activity. In particular, street trees planted along wide arterial roads with six or more lanes (B)
often recorded NDVI values below 0.3, indicating that these locations may warrant closer
monitoring. In dense multi-family residential areas, overall street tree density was generally
low due to compact building arrangements. However, where small neighborhood parks
were present (B), street trees within these green spaces more frequently exhibited NDVI
values exceeding 0.5, consistent with healthier vegetation conditions. In contrast, areas
shown in green correspond largely to landscaped trees within apartment complexes (B) and
pedestrian corridors developed along rivers or streams (C). In these locations, NDVI values
were generally above 0.5, reflecting relatively active photosynthetic processes. Notably,
even under comparable road conditions, street trees located near parks or larger residential
green spaces tended to maintain NDVI values above 0.3, indicating comparatively better
vitality than trees situated in more heavily built-up surroundings. Overall, these spatial
patterns suggest that the surrounding land-use context and the availability of nearby green
infrastructure may play an important role in shaping the NDVI-based vitality characteristics
of urban street trees, although further statistical validation would be required to confirm
these differences.

Figure 7. Spatial distribution of NDVI values for individual street trees across the study area.

4.2.2. NDRE Matching Results

Figure 8 presents the spatial distribution of NDRE values assigned to individual street
trees. As illustrated in the figure, areas represented in blue tend to be more frequently
observed within recently developed urban districts (D), whereas pink-colored areas appear
more commonly in older urban cores, the outskirts of new development zones, and along
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major road corridors (B). This spatial pattern is likely influenced by the higher presence
of apartment complexes and associated green spaces in newly developed districts, which
generally provide more favorable growing conditions. While this study does not claim
statistical significance regarding differences between urban district types, the mapped
results suggest that street trees located in areas with more abundant vegetation (e.g., apart-
ment complexes or riverside greenways) more frequently exhibit NDRE values above 0.35.
Conversely, trees in densely built-up areas with limited green space—such as traditional
multi-family residential blocks (A) or roadside environments (B, C)—tend to display NDRE
values below 0.25. Similar to the NDVI results, street trees situated in small neighborhood
parks within dense multi-family housing areas (B) often showed NDRE values above 0.35,
contrasting with the generally lower values of nearby roadside plantings. This suggests that
the immediate availability of green space may contribute positively to the physiological
vitality of urban street trees, although further statistical analysis would be required to
formally validate these differences.

Figure 8. Spatial distribution of NDRE values for individual street trees across the study area.

4.2.3. NDMI Matching Results

The results of matching NDMI values to individual street trees are presented in
Figure 9. Similar to the NDRE patterns, trees exhibiting relatively low moisture stress
tended to occur more frequently in recently developed urban districts (D), whereas higher
moisture stress was more commonly observed in older urban areas (A) and along major
road corridors (B). Overall, NDMI revealed more pronounced moisture-related limitations
across the study area than those implied by chlorophyll-based indices. Most street trees ap-
peared in red tones, indicating elevated moisture stress, and only 12 trees exhibited NDMI
values above 0.4—a range generally associated with minimal moisture deficit. A closer
examination of these 12 trees revealed that nine were located within newly developed,
high-density apartment districts, where extensive landscaping and increased infiltration
surfaces may contribute to relatively favorable moisture conditions. The remaining three
trees were situated near rivers and streams, consistent with prior observations that prox-
imity to water bodies can help stabilize soil moisture and reduce drought-related stress.
This spatial distribution aligns with the broader pattern observed across the study area:
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street trees with adequate moisture availability tend to be concentrated either in newly
developed urban environments with improved soil and planting conditions or in areas
adjacent to hydrologically favorable settings.

As illustrated in Figure 9, light-blue objects were substantially more common than
dark-blue ones, reflecting the limited presence of trees with relatively sufficient moisture
availability. Trees with NDMI values greater than 0.3 were largely found near rivers and
streams (C), where many street trees recorded NDMI values above 0.1, suggesting com-
paratively favorable moisture conditions in these areas. While this observation does not
constitute statistical evidence, the spatial pattern may indicate that proximity to water
bodies contributes to improved soil moisture availability. In contrast, street trees near
apartment complexes—despite their generally high NDVI levels—displayed mixed mois-
ture conditions, with some maintaining adequate soil moisture while others appeared to
experience substantial stress. Trees planted along major roads (B) consistently exhibited
NDMI values below 0.1, which may be associated with increased surface runoff and re-
duced soil water retention due to impervious pavement. Similarly, street trees in dense
multi-family residential areas (A) also tended to show NDMI values below 0.1, reflecting
limited moisture availability in environments characterized by high impervious surface
coverage and constrained green space. These spatial tendencies underscore the value of
incorporating moisture-related indicators alongside chlorophyll-based indices to more
comprehensively characterize the vitality constraints experienced by urban street trees.

Figure 9. Spatial distribution of NDMI values for individual street trees across the study area.

4.3. Composite Vitality Index Results

The results of the composite vitality index analysis are presented in Figure 10. Areas
shown in green, representing relatively high vitality, were more frequently observed in
recently developed urban districts and along pedestrian corridors near rivers and streams.
Street trees located within apartment complexes in newly developed areas (D), which
tended to record higher values across NDVI, NDRE, and NDMI, generally exhibited higher
composite vitality scores. Likewise, street trees along riverfront walkways (C) often showed
favorable vitality levels, which may be associated with the presence of adjacent green space
and the availability of moisture from nearby water bodies. In contrast, areas characterized
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by lower vitality values—represented by yellow and red tones—appeared more commonly
along major road corridors, within industrial and commercial zones, and in dense multi-
family residential areas. Street trees planted near wide arterial roads with six or more
lanes (B) tended to exhibit moderate to low vitality, potentially reflecting the influence
of impervious asphalt surfaces and associated environmental stresses. Similarly, street
trees in dense multi-family housing areas (A) often showed reduced vitality, which may
be related to limited green space availability and extensive impervious surface coverage.
Nonetheless, even within these dense residential settings, street trees planted in small
neighborhood parks frequently demonstrated improved vitality, often reaching moderate
or higher levels (B). Rather than implying statistically significant differences between urban
district types, these spatial patterns suggest that the composite vitality index provides
a useful means of capturing combined variations in photosynthetic activity and moisture
availability, allowing for a more integrative understanding of street tree vitality across
different urban environments.

Figure 10. Spatial distribution of the composite vitality index for individual street trees across the
study area.

5. Discussion
5.1. Interpretation of Vegetation Index Matching

In this study, street tree vitality was categorized into five levels based on interval-based
interpretations of vegetation indices. This classification enabled intuitive visualization of
areas where trees appear to exhibit relatively lower vitality and facilitated an exploratory
assessment of spatial patterns under diverse urban environmental conditions.

Based on the matched vegetation indices, street trees located in newly developed
apartment complexes and along riverfront walkways displayed visually higher index
values, which may reflect favorable environmental conditions such as greater proportions of
unpaved surfaces or more stable moisture supply. In contrast, trees situated in commercial
and industrial zones, along major road corridors, or within dense multi-family residential
areas exhibited comparatively lower index values, suggesting that these environments
may impose constraints on photosynthetic activity or moisture availability. Areas with
wide arterial roads and extensive impervious surfaces, in particular, showed relatively low
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NDVI and NDMI values, indicating potential stress conditions that may warrant further
management consideration. It is also notable that within dense residential environments,
trees located near small neighborhood parks often showed more favorable index values
than those in surrounding streetscapes. This pattern suggests that localized green spaces
may help mitigate some environmental stressors commonly found in highly built-up areas.

These interpretations are based on observed spatial patterns in vegetation indices
and do not constitute statistically validated differences. Future work incorporating field-
based measurements or formal statistical testing would help substantiate the relationships
implied by these spatial trends.

5.2. Potential Applications in Street Tree Management

The proposed GeoAI-based framework provides a practical and scalable approach for
supporting street tree management by enabling rapid, quantitative assessment of street tree
vitality across large urban areas. In particular, this framework can complement the widely
adopted two-stage assessment system—consisting of an initial visual inspection followed
by a secondary instrument-based diagnosis—by enhancing efficiency and objectivity in the
early stages of street tree condition evaluation.

It is important to emphasize that the vitality assessed in this study represents a remote
sensing-derived proxy based on canopy-level spectral responses (NDVI, NDRE, and NDMI),
rather than a direct physiological or arboricultural diagnosis. Accordingly, the proposed in-
dex is intended for citywide screening, hotspot identification, and inspection prioritization
in large-area smart monitoring systems. Detailed evaluation of structural defects, pest or
disease status, and physiological vitality should continue to rely on field-based assessments
such as Visual Tree Assessment (VTA) or professional arborist inspections.

First, by automatically extracting street tree locations, the proposed method can
substantially improve the efficiency of inventory development and database management.
Primary inspections are typically conducted through on-site visual assessments, where
arborists evaluate canopy density, leaf color, and branch damage. Previous studies (e.g.,
Morales-Gallegos et al. [52]) have demonstrated strong correlations between NDVI and
canopy density, suggesting that NDVI-based analysis may offer supportive information
that complements subjective visual evaluations.

Furthermore, although NDVI and NDRE are known to correlate with chlorophyll
concentration and photosynthetic activity, it is important to note that this study did not
perform direct correlation analysis against field-measured chlorophyll data. Thus, these
indices should not be interpreted as substitutes for instrument-based chlorophyll mea-
surements. Rather, they offer a means of pre-screening trees that may warrant further
investigation, thereby helping prioritize field-based diagnostics.

Overall, the proposed framework has the potential to reduce the time, labor, and
financial resources required for municipal street tree management by supporting early-
stage assessment and monitoring efforts. While the methodological workflow is broadly
transferable to other cities, parameter settings—including vitality thresholds, weighting
schemes, and trained model parameters—may not be directly transferable and would
require recalibration or transfer learning when applied to different environments.

5.3. Limitations of the Study

Despite the advantages of the proposed approach, several limitations should be
acknowledged, particularly regarding the interpretation of the vitality index as a remote
sensing-derived proxy rather than a direct physiological or arboricultural measure.

First, accurately delineating individual tree crowns remains challenging in high-
density planting environments, such as parks and landscaped areas within apartment

https://doi.org/10.3390/smartcities9020031

https://doi.org/10.3390/smartcities9020031


Smart Cities 2026, 9, 31 21 of 26

complexes. As illustrated in Figure 11, extensive crown overlap and shadow occlusions
frequently caused all tested deep learning models to merge adjacent trees into a single
object, resulting in under-segmentation. These errors are partly attributable to the 25 cm
spatial resolution of the aerial imagery, which often makes even visual interpretation
difficult. Improving crown delineation in such areas would require complementary data
sources, such as ultra-high-resolution UAV imagery or targeted field inspections.

Figure 11. Examples illustrating limitations in individual street tree delineation under dense canopy
and shadow conditions across different semantic segmentation models. The red area indicates the
regions detected as street trees by the model.

Second, although multispectral satellite imagery (e.g., Sentinel-2, CAS500-1) contains
NIR information that can reveal vegetation signals in shadowed areas, its spatial resolution
(10 m and 2 m, respectively) is insufficient for extracting crown-level boundaries. In this
study, preliminary tests were conducted to evaluate whether NIR bands could be used
to suppress shadow-induced detection errors; however, the coarse pixel size prevented
meaningful crown delineation at the individual-tree scale. Because the proposed workflow
requires fine-grained crown segmentation, the analysis was ultimately based on high-
resolution aerial imagery, despite its susceptibility to shadow. Classical image-processing–
based shadow-removal techniques were also tested but did not yield sufficiently sharp
crown boundaries. Future studies may explore multi-sensor fusion, pan sharpening, or
super-resolution approaches to address this limitation more explicitly.

Third, the vitality index developed in this study integrates NDVI, NDRE, and NDMI
due to their demonstrated sensitivity to photosynthetic activity, chlorophyll content, and
moisture conditions. However, these indices capture only a subset of physiological signals.
Future studies may incorporate additional indices—such as SAVI (soil background adjust-
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ment), PSRI (senescence detection), or VARI (visible-band vitality response)—to obtain
a more multidimensional representation of vegetation condition.

Fourth, the composite vitality index relies on a weighting scheme informed by spectral
relevance and sensor characteristics. Although this provides a reasonable foundation, it in-
evitably introduces some degree of subjectivity. To assess robustness, a sensitivity analysis
testing alternative weighting configurations was conducted. The results showed that the
spatial distribution of vitality classes—particularly low-vitality areas—remained largely
stable across weighting schemes, suggesting that the proposed index is sufficiently reliable
for large-scale operational screening. Nevertheless, future research may further enhance
objectivity through expert-informed or data-driven weighting optimization (e.g., AHP, TOP-
SIS, regression-based learning). In addition, although this study applied a five-level vitality
classification scheme (Very Healthy to Very Unhealthy), this categorization was not directly
validated using field measurements or arborist-based diagnostic scores. The threshold
values for each class were derived from widely referenced criteria in prior remote sensing
studies using NDVI, NDRE, and NDMI, and therefore represent a literature-informed
operational proxy rather than a physiological ground-truth classification. Accordingly,
the proposed vitality classes should be interpreted as indicators for large-scale screening
and prioritization, rather than as substitutes for detailed Visual Tree Assessment (VTA)
or professional arboricultural diagnosis. Future work incorporating empirical field data
would allow calibration and validation of these vitality classes, thereby strengthening both
ecological interpretability and operational reliability.

Fifth, because this study was conducted in a single city (Anyang), the transferability
of parameter configurations—such as vitality thresholds, index weights, and trained model
parameters—to cities with different climates, species compositions, or urban morphologies
may be limited. While the methodological framework is broadly transferable, parameter-
level transferability is not guaranteed; applying this approach to other regions would
require local calibration or transfer learning to ensure reliable performance.

Finally, a temporal mismatch exists between datasets: street tree crowns were delin-
eated from 2020 aerial orthophotos, whereas vegetation indices were extracted from 2023
satellite imagery (CAS500-1 and Sentinel-2). During this three-year interval, street trees
and surrounding streetscapes may have changed due to removals, replanting, pruning,
or redevelopment. Such changes can introduce uncertainty when 2020-derived crown
polygons are used to sample 2023 spectral pixels. In practice, our manual inspection con-
firmed several locations where trees detected in the 2020 aerial imagery had been removed
prior to 2023 due to construction or sidewalk modification. To mitigate this, trees with no
observable vegetation signal in the 2023 imagery were cross-checked using the most recent
aerial basemap and street-level photographs; when removal was confirmed, these trees
were excluded, and the final vitality map was standardized to reflect 2023 on-the-ground
conditions. Nevertheless, the remaining vitality estimates should be interpreted as opera-
tional, large-area screening outputs under temporal data constraints rather than as fully
synchronized physiological measurements. Future studies should reduce this uncertainty
by using aerial/UAV and satellite imagery acquired within the same season or year, and by
incorporating multi-temporal datasets to explicitly model vitality dynamics and detect tree
changes over time.

6. Conclusions
Urban street trees provide essential environmental and social benefits, including

particulate matter reduction, mitigation of the urban heat island effect, and the provision
of thermal comfort through shading. However, they remain highly vulnerable to adverse
urban growing conditions such as vehicle emissions, extensive impervious surfaces, and
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limited rooting environments, all of which contribute to long-term declines in vitality.
Despite these challenges, current urban tree management practices still rely heavily on labor-
intensive field inspections, making large-scale, quantitative vitality assessment difficult
to operationalize.

To help address this limitation, this study proposed an integrated framework that
combines high-resolution aerial imagery, multispectral satellite imagery, and semantic-
segmentation-based deep learning models to automatically detect individual street trees
and derive a remote sensing–based vitality proxy using NDVI, NDRE, and NDMI. By adopt-
ing an object-based workflow at the individual tree level, the proposed approach provides
a scalable means of identifying spatial patterns associated with reduced photosynthetic
activity and moisture stress across complex urban environments.

The findings revealed notable spatial variation in vegetation-index patterns associated
with different urban contexts. Lower index values were commonly observed along major
road corridors and in dense built-up areas, whereas higher values appeared more fre-
quently near parks, riverfront walkways, and apartment complexes. While these patterns
suggest potential relationships between land-use characteristics and tree condition, they
should be interpreted cautiously because the vitality proxy reflects canopy-level spectral
responses rather than direct physiological or arboricultural measurements. The five-level
classification applied in this study therefore represents an operational screening tool rather
than a diagnostic indicator of true physiological vitality.

This study contributes methodologically by extending urban street tree research from
detection to proxy-based vitality estimation using multiple vegetation indices. From
a practical perspective, the framework can assist municipalities in developing and updating
street tree inventories, supporting visual inspections, and prioritizing areas for field-based
assessment. Rather than replacing on-site diagnostic procedures, the proposed proxy
can serve as an initial, large-scale screening layer that informs resource allocation and
management planning within smart city initiatives.

Future research should incorporate field-based measurements to strengthen the in-
terpretability and validation of the vitality proxy. Additionally, the integration of multi-
seasonal or ultra-high-resolution UAV imagery would enable more detailed monitoring
of temporal changes, supporting the development of long-term, proactive management
strategies for urban street trees.
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Figure A1. Loss curves during training and validation for all semantic segmentation models.
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