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Urban green space (UGS) vegetation plays an important role in mitigating the urban heat island effect by
improving the environment and quality of life. Hence, there is a dire necessity for urban planning and man-
agement to precisely obtain the spatial distribution and structural information employing high-resolution data.
Nevertheless, the limitations of remote sensing (RS) data and the complexity of urban landscapes pose significant
challenges, so this study aims to introduce a method to classify UGS vegetation more precisely by integrating
high spatial resolution multi-spectral and oblique photography images captured by unmanned aerial vehicle
(UAV). A novel canopy height model (CHM) method is proposed to generate UGS vegetation information for
urban areas while addressing the errors associated with traditional approaches in estimating non-ground
vegetation heights, achieving a total Mean Absolute Error (MAE) of 0.17m and an overall accuracy of
95.03 %. The proposed UGS mapping method combines spectral features, canopy height information, vegetation
indices (VIs), and texture features to evaluate the impact of various characteristics on classification accuracy. The
obtained experimental results show that by incorporating canopy height information classification accuracy is
significantly improved and achieve overall accuracy of 93.82 % and Kappa coefficient of 0.91. Moreover, the
proposed method not only precisely reflects the structure and distribution of UGS vegetation by showing specific
advantages in complex environments but also offers a new arena for UGS vegetation classification based on the
integration of multiple features.

1. Introduction coverage and increasing fragmentation of ecosystems (Chen et al., 2018;

Nero, 2017; Richards and Belcher, 2019). Due to above mentioned

With significant ecological advantages like enhancing air quality,
reducing the heat island effect, and maintaining biodiversity, urban
green space (UGS) is essential to urban ecosystems (Chen et al., 2017).
Furthermore, UGS provides inhabitants with essential social and recre-
ational areas that support mental stress reduction and the preservation
of both physical and mental well-being (Yang et al., 2018). As climate
change intensifies, vegetation within UGS has become increasingly
important in mitigating urban carbon emissions, functioning as
long-term carbon storage (Zhao et al., 2023; Zhuang et al., 2022).
However, in the process of global rapid urbanization, large areas of
agricultural and forest land have been converted into impermeable
concrete surfaces, leading to a continuous decline in vegetation

phenomenon that has brought severe impacts on the environment and
human health it has been imperative to carry out the effective planning
and management of UGSs by exploring new technologies to enhance the
ecological services of UGSs to achieve sustainable development goals
(SDGs).

In recent years, the rapid development of remote sensing (RS)
technologies has provided new methods for monitoring UGS vegetation
(Kopecka et al., 2017; Neyns and Canters, 2022). The RS enables timely
acquisition of information on the distribution and trends of UGSs,
thereby helping policymakers to make informed decisions regarding
UGS planning and management in order to address environmental
challenges associated with urban expansion (Di et al., 2019; Jiang et al.,
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2024). Current research studies have chiefly relied on the medium- and
high-resolution satellite imagery for UGS mapping, but there is rela-
tively little research on utilizing high-resolution multi-source
UAV-based RS (Sathyakumar et al, 2019; Wang et al., 2024).
Gasparovi¢ and Dobrini¢ (2020) evaluated and compared the machine
learning methods for classifying European urban vegetation using
multi-temporal Sentinel-1 SAR imagery, their results indicated that
multi-temporal data significantly improved classification accuracy. The
widespread applications of UAV RS technology have demonstrated their
unique advantages in vegetation monitoring (Behera et al., 2023; Feng
et al., 2015; Sotille et al., 2020). Bhatnagar et al. (2020) utilized UAV
imagery for image segmentation of vegetation in the Clara Bog wetlands
in Ireland by comparing machine learning and deep learning algorithms
which showed that the random forest (RF) classifier and the
ResNet50 +SegNet model performed best. The deep learning achieved
higher accuracy, but it required extensive training data and computa-
tional resources, making machine learning classifiers more suitable for
specific wetland vegetation applications in terms of cost and efficiency.
Onishi and Ise (2021) developed a low-cost system using UAV-based
RGB imagery to successfully classify trees with an accuracy of over
90 % by providing an effective tool for forest management.

The high resolution and flexibility in data acquisition offered by UAV
imagery present a promising solution for precise studies of UGS vege-
tation. However, in urban environments, the diversity and uneven dis-
tribution of vegetation types pose significant challenges for rapid and
accurate vegetation mapping (Xu et al., 2020). Different types of vege-
tation often exhibit similar spectral characteristics, making it difficult to
accurately classify them based on spectral information alone (Zhao
etal., 2021). Thus, selecting appropriate variables is critical for accurate
vegetation classification, particularly when using multi-source RS data
(Radke et al., 2020; Xie et al., 2019). Recent studies have focused on
evaluating the value of auxiliary information in vegetation classifica-
tion, such as texture and height data, as these features can significantly
enhance classification accuracy (Chiang and Valdez, 2019; Liu et al.,
2017; Yu et al., 2020). For instance, Prosek and Simova (2019) inte-
grated multi-spectral data with vertical information obtained from UAV
to achieve species-level classification of shrub vegetation, their results
demonstrated that the fusion method yielded higher accuracy than using
multi-spectral data alone. Komarek et al. (2018) combined
multi-spectral, thermal, and height data from UAV for fine vegetation
classification, showing that height and thermal data significantly
improved classification accuracy, demonstrating the potential of drone
technology in classifying complex vegetation areas. Murray et al. (2010)
were the first to use high-resolution IKONOS imagery to classify vege-
tation communities on Heard Island, an Antarctic sub-island, and their
results revealed that integrating texture features with multi-spectral
data effectively improved classification accuracy.

One of the Several emerging RS technologies i.e., light detection and
ranging (LiDAR) can accurately measure surface and vegetation heights
but it is expensive and requires specialized sensors (Gillan et al., 2014).
In contrast, measuring vegetation height using digital stereoscopic aerial
photographs, such as oblique photogrammetry, offers a more econom-
ical and feasible alternative (Che et al., 2020). The canopy height model
(CHM) is commonly used for describing vegetation height information,
typically calculated as the difference between the digital surface model
(DSM) and the digital terrain model (DTM) (Granholm et al., 2015;
Kothencz et al., 2018). However, in densely built urban environments,
traditional CHM calculation methods encounter certain issues due to the
demand for beautifying spaces or alleviating stress and many building
surfaces or rooftops are utilized for greening, resulting in a large amount
of non-ground-level green landscapes in urban areas. The conventional
calculation methods may incorrectly attribute building heights to
vegetation heights, leading to significant errors in the actual values and
it can also affect the accuracy of classification results, and such errors
amplify in the high-resolution UAV imagery. Moreover, the limited
penetration capability of oblique photogrammetry makes it difficult to

Urban Forestry & Urban Greening 107 (2025) 128785

obtain information beneath the canopy in the form of a DTM, further
complicating the accurate acquisition of CHM (Lisein et al., 2013).
Therefore, it necessitates a dire need to develop effective methods to
generate CHM in the urban environments.

The previous conducted studies have made numerous attempts to
monitor UGS vegetation using RS technology (Shahtahmassebi et al.,
2021; Wang et al, 2021), however, research on combining
high-resolution multi-spectral imagery and oblique photogrammetry
from UAV to extract canopy height information and classify UGS vege-
tation remains limited, and its efficiency necessitates further validation.
The proposed paper successfully fills the research gap left in the litera-
ture review and the main contribution of the study are stated below:

e This study aims to enhance the classification of UGS vegetation using
high-resolution multi-spectral and oblique photogrammetry UAV
imagery.

e A method for CHM construction is proposed, which is suitable for

urban areas and addresses the errors in traditional methods for

estimating non-ground vegetation heights.

Additionally, an object-based classification approach is employed,

combining spectral features, canopy height information, vegetation

indices (VIs), and texture features to evaluate the impact of different
variables on the accuracy of UGS vegetation classification.

This research offers new insights into the precise classification of

UGS vegetation and provides scientific evidence to promote sus-

tainable urban development.

The rest of the paper is followed by Section 2 describing the details of
the study area and proposed method. Section 3 gives the details of ex-
periments and results obtained from the simulations. The detailed dis-
cussion is given in Section 4. Finally, Section 5 concludes this paper and
provides some ideas for future research.

2. Materials and methods
2.1. Study area

The study area is located in the northeastern part of Hangzhou, in
Zhejiang Province, China which is a modern city characterized by eco-
nomic dynamism and cultural prosperity. The geographical co-ordinates
of the study area are 30°19°N latitude and 120°9'E longitude, as shown
in Fig. 1. The area covers the main part of the Gongchenqiao, South
Campus of Zhejiang Shuren University, with a total area of approxi-
mately 147,776 square meters (14.77 ha). This moderate-scale region
provides an ideal setting for in-depth research on the distribution and
types of UGS vegetation. The study area is situated at the heart of the
city, and it is not only densely populated and commercially developed
but also rich in historical and cultural heritage. The typical urban
environment of this area offers a unique backdrop for vegetation studies,
making the research results not only regionally representative but also
broadly applicable.

2.2. Technology Roadmap

Fig. 2 illustrates the technical workflow of the proposed study. The
main work can be divided into two parts.

In the first part, a vegetation CHM modelling method suitable for
urban areas is proposed. The proposed method consists of three main
stages: (1) vegetation extraction; (2) rapid generation of the DTM based
on the DSM derived from oblique photogrammetry; and (3) generation
of the CHM based on the corrected vegetation height. While in the
second part, this study utilizes high-resolution dual-source UAV imagery
combined with object-based image analysis and feature extraction and
selection techniques for detailed classification of UGS vegetation. The
proposed method includes six steps: (1) determining the optimal seg-
mentation parameters and performing image segmentation; (2) deriving
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Fig. 1. Map of the study area. (a) Location; (b) Digital orthophoto images.

48 key features from dual-source UAV imagery and developing classi-
fication schemes based on different feature sets; (3) applying the object-
based RF model for vegetation classification; (4) evaluating the accuracy
of different classification schemes; (5) assessing the contribution of
different feature types and the effectiveness of feature selection; and (6)
implementing vegetation classification of UGS in the study area.

2.3. UAV image acquisition and preprocessing

In this study, high-resolution dual-source UAV imagery comprising

MREVI = 100 x

(max(RE,NIR) — max(RED,RE)) x (min(RE,NIR) — min(RED, RE))

2.4. Method for constructing urban green canopy height models based on
dual-source UAV remote sensing imagery

2.4.1. Vegetation extraction

This study employs multi-spectral orthophoto imagery to calculate
VI for extracting vegetation regions. Given the suitability of the RS im-
agery in the study area, the Moderate Red-edge Vegetation Index
(MREVI) (Li et al., 2024) was chosen for extracting UGS vegetation in-
formation. The formula is as follows:

RE — RED

(RED + RE + NIR)?

multi-spectral and oblique photogrammetry data was collected. The
multi-spectral imagery provided rich vegetation reflectance informa-
tion, revealing the physiological characteristics of the vegetation while
the oblique photogrammetry data provided multi-angle image data,
reflecting the spatial distribution and morphological features of UGS
vegetation.

Data collection was conducted using the DJI Matrice 300 RTK UAV,
equipped with the MicaSense RedEdge MX camera for multi-spectral
imaging. This camera captured five spectral bands: blue, green, red,
red edge, and near-infrared. For oblique photogrammetry, the PSDK
102S V3 camera was used. Detailed camera parameters are provided in
Table 1. The image acquisition was conducted on May 14, 2024, and
specific flight parameters are listed in Table 2.

The study utilized Pix4Dmapper to produce digital orthophoto maps
(DOMs), with an image GSD of 8 cm/px. For the oblique photogram-
metry data, project files automatically generated by ShareElf software
were imported into Context Capture for 3D modeling. These block files
contained the relevant photo data. The DSM was subsequently generated
utilizing Context Capture, with the same resolution as the DOM.

NI 1
*RERED © VR M

Where RED, RE and NIR represent the reflectance in the red, red-edge
and near-infrared spectral bands respectively.

After calculating the VI, a binarization process is applied to the
image to generate a vegetation mask (Viani et al., 2024b), marking
vegetation areas as the foreground (value = 1) and other areas as the
background (value = 0). The binarization formula is:

1, MREVI > 7
Mues (%, y) = {07 MREVI < 7 @

Where Mg (x,y) represents the binary vegetation mask image, and 7 is
the classification threshold between vegetation and the background.

2.4.2. Urban digital terrain model

The urban digital terrain model (DTM) is a 3D model representing
the elevation of the earth’s surface, excluding objects such as vegetation
and buildings (Dai et al., 2020) and an accurate DTM is critical for
obtaining vegetation canopy height data. Based on the characteristics of
urban terrain, the Inverse Distance Weighting (IDW) interpolation
method (Watson, 1985) was taken to efficiently generate DTM by pro-
cessing the DSM.

Since the terrain is relatively flat in urban areas, adjacent surface
elevation values change minimally and it allows the retention of surface
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Table 1 Table 2
Specifications of the Micasense RedEdge MX and the PSDK 102S V3. Basic parameters of the flight missions.
Sensor Resolution GSDat  Pixel Sensor size Focal Sensor Speed Height Overlap Gained Aligned
100 m size length (m/s) (m) (%) images images
(‘;r;'/ RedEdge 15 115 80 1158 1158
Ls MX
RedEdge 1280 x 960 6.9 3.75 4.8 mmx 3.6 mm 5.4 mm PSDK 102S 14.7 100 75 965 907
MX (1.2 MPx5 pm V3
bands)
PSDK 6144 x 4096 1.5 3.76 23.1 mmx 15.4 mm 25 mm
1028 (25.16 MPx5 pm elevation values through interpolation to represent the actual topog-
V3 views)

raphy of the study area. Firstly, a mask was applied to non-surface areas
to retain the surface elevation values of other regions and the vegetation
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extraction results were used to retain the non-vegetation area elevation
values in the DSM.

DSMuon-veg(X,¥) = DSM(x,y) X (1 — Myeg(x,)) 3
Where DSM(x, y) is the original Digital Surface Model, My (x,y) is the
vegetation mask, and DSMpon_veg(X,y) is the elevation value for non-
vegetation areas.

These elevation values contain both surface and building elevation
data and based on the range of surface elevations, points where
DSMyon—veg(X,y) > T were considered non-surface elevations and
masked. The remaining DSM values were considered surface elevations
and used to generate DTM through interpolation. By retaining only
surface elevation values, an initial DTM was obtained:

DSMnon—veg (x7 }’)

DTMipigal (X, Y) = { 0 if DSMron veg (X, y) < T

else

4

Next, the IDW method was applied to the masked areas to estimate
and fill the surface elevation values of masked regions.

9 2
dy = \/(xp —-x)" + (yi’ 73'1') ®)
Siad
DTMlnterpolated (X, .y) = n—lj Q)
Zj:1§

Where (x,,y,) represents the interpolation point, (x;,y;) represents the
known point, dy; is the distance between the interpolation point and the
known point, h; represents the known elevation, n is the number of
known points, and k is the weighting exponent, usually set to 2 (Liu
et al., 2021).

2.4.3. Generation of the urban green canopy height model

In order to address errors in conventional CHM calculation methods,
this study proposes an improved method for constructing the CHM for
UGS by retaining only the height of UGS vegetation and correcting the
height of non-ground vegetation.

A. Above-ground height calculation

In this study, the difference between DSM and DTM is used to
calculate the above-ground height (HAG), representing the height of
objects above the local ground. The formula for calculating HAG is:

HAG(x,y) = DSM(x,y) — DTM(x,y) 7)

B. Non-ground vegetation extraction and masking

The connected component analysis is applied to the binarized
vegetation mask image to extract all connected regions where each k-th
connected region Ry can be represented as:

R = {(x,y)|L(x,y) =k} @®)

L(x,y) is a label image, retaining the region label of each pixel. The
morphological dilation is performed on each connected region Ry, with a
given dilation radius r, resulting in an expanded region Dy:

Dy = {(x,y)13(x.y) € Reand /(X —=x)* + (¥ —y)* <1} ©

For each connected vegetation region, an outer annular region Oy is
obtained, which is the difference between the expanded region and the
original connected region:

Ok = Di\Rx (10)

The height values of the outer annular region are checked to deter-
mine whether they meet ground height characteristics. If the outer
annular region shows non-ground height then the identified non-ground
vegetation regions are masked by retaining only the ground height
values:
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1 if (x,y) € Ry and O is not ground
Mg veg(x,) = {0 §00y) € Reand Ocisnot g an
HAGnasked (X, Y) = Mng_veg(x,¥) @ HAG(x,y) 12)

C. Non-ground vegetation canopy height correction

Similar to DTM interpolation, the IDW method is applied to the
masked regions. Based on the HAG values of the surrounding surfaces,
the canopy height of non-ground vegetation is filled, ensuring the can-
opy height represents the true vegetation height rather than the height
relative to the ground.

!
2

no1
Zj:l d;]

D. Canopy Height Model Generation

For the ground vegetation, the CHM is obtained from the difference
of DSM and DTM, i.e., the HAG and for the non-ground vegetation re-
gions, the CHM is obtained from the IDW interpolation result. The CHM
is stored in raster form as follows:

13

HAGInterpolated (X Y ) =

HAG(x,y) Myeg(x,¥) = 1 and Myg_veg(x,¥) =0
HAGInterpolated(xay) Mveg (X,Y) =1land Mng—veg (X7}’) =1
0 Mveg (X,y ) =0

CHM(x,y) =

14)

2.5. Object-based vegetation classification integrating multiple features

2.5.1. Image segmentation

The use of object-based techniques for high spatial resolution RS
image categorization has grown in recent years (Katz et al., 2020).
Object-based approaches to land cover categorization are more accurate
than conventional pixel-based approaches (Snavely et al., 2019). The
ability of the object-based approach is to accurately capture the spatial
properties and structural information of homogeneous regions in the
image (Pu et al., 2011).

The image segmentation is a key step in object-based classification,
as its results directly impact the classification accuracy. Trimble eCog-
nition Developer 10.3 software was effectively used for image segmen-
tation utilizing a multi-resolution segmentation algorithm. During the
segmentation process, the true-color orthophotos from oblique photog-
raphy and the DSM were used as input layers while the segmentation of
land cover areas was based on the integration of color, texture, and
height information. The multi-resolution segmentation algorithm
included four important parameters: layer weight, scale, shape index,
and compactness. The segmentation parameter settings significantly
influenced the segmentation outcome. For instance, the scale determines
the size of the segmentation objects: a larger scale produces fewer and
larger objects but might miss details, while a smaller scale generates
more and smaller objects, which could lead to over-segmentation. After
repeated experiments and visual comparisons through different
parameter combinations, the optimal combination was determined as
layer weights = [1, 1, 1, 2], scale parameter = 80, shape index = 0.2,
and compactness = 0.7. After executing the segmentation, 121,648
polygon vector areas of varying resolutions were obtained from the
raster images.

2.5.2. Reference data

The obtained segmentation results were converted into the industry-
standard ESRI Shapefile format to obtain training and testing samples.
These polygons were overlaid on high-resolution true-color orthophotos
from oblique photography and combined with 3D real-scene models for
manual visual interpretation where sample labelling was performed
using ArcGIS 10.8, assigning each polygon to a specific category. During
the labelling process, special attention was given to factors like shadows
and occlusion that could affect visual interpretation and field checks
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Table 3
The distribution of samples for primary greening types in the research area.

Urban Forestry & Urban Greening 107 (2025) 128785

Classes Number of polygons Area (m?) Percentage (%)
Grass 6251 12088.90 8.18

Shrub 3269 5804.62 3.92

Tree 50739 50055.21 33.87

Building 25936 34718.32 23.49
Background 35453 45109.51 30.52

All 121648 147776.59 100

were carried out to ensure each region was accurately labelled. Through
visual referencing and verification, each polygon object was categorized
and this study considered common types in UGSs, including grass, shrub,
tree, building, and background areas, as shown in Table 3. In terms of
distribution, three category objects were the most prominent, while the
proportions of shrub and grass objects were similar.

This study employs a stratified sampling method to construct both
the training dataset and the validation dataset, ensuring that the pro-
portion of each category in both datasets is consistent. For each cate-
gory, a 7:3 random sampling ratio was used, with 13,098 polygons
serving as training samples for training the classification model and
5614 polygons used to validate classification accuracy.

2.5.3. Feature extraction

The integration of multiple type features can improve the separa-
bility of vegetation types (Franklin et al., 2000), hence, in addition to
spectral features, this study also extracted the height information, VIs,
and texture features to analyze the contribution of different feature
types to UGS vegetation classification.

1. Spectral features: It is derived from the reflectance of five multi-
spectral bands (blue, green, red, red edge, and near-infrared) and
the digital number (DN) values of three bands from oblique
photography (red, green, and blue) to calculate the mean and stan-
dard deviation of each band.

2. Height information: It includes the mean, and standard deviation of
DSM and CHM.

3. Vegetation indices: The vegetation indices are known for the
sensitivity to vegetation growth and biomass and this study calcu-
lated four common spectral VIs, as listed in Table 4.

4. Texture features: These features are extracted from high-resolution
oblique photography images and DSM and this study computed 20
typical texture variables (Haralick et al., 1973), including Energy
(ENE), Contrast (CON), Entropy (ENT), Correlation (COR), and In-
verse Difference Moment (IDM). The formulas and applications of
these texture features are detailed in Table 5.

2.5.4. Supervised classifier

Vegetation objects segmented at different scales by means of the
multi-resolution segmentation were treated as the smallest classification
units for the supervised classification of UGS vegetation. Random Forest
(RF) is an ensemble learning method that improves the accuracy and

Table 4
Vegetation indices (VIs) and applications.
Vegetation Formulation Reference
Indices
NDVI NIR — RED
NIR + RED Rouse et al., 1974
NDVhcdecge RE —RED Timmer et al
RE + RED oo
2022
EVI 25x
NIR — RED Huete et al., 2002
NIR + 6 x RED — 7.5 x BLUE + 1
SAVI NIR — RED
15X e ——— Huete, 1988

NIR + RED + 0.5

Table 5
Texture metrics and applications.
Texture Formulation Application
Metrics
ENE Zij P(i,j)* Measuring the uniformity and texture
’ coarseness of gray levels in images
CON Zij<i _ j)z P(i,j) Measuring the degree of local variation in
‘ gray levels within images
ENT _ Zijp<i’ j)logP(i,j) Measuring the complexity and disorder of
’ texture distribution
COR 22— )G —u)P(i.j)  Measuring the linear relationship
T between pixel gray levels
IDM Z P(i,j) Measuring the local similarity of images
U1+ (i - j)?

robustness by constructing multiple decision trees (Belgiu and Dragut,
2016). Different from the traditional classification models with poor
generalization capabilities, RF significantly enhances classification ac-
curacy, reduces the impact of outliers, and prevents overfitting. Spe-
cifically, it generates multiple sub-sample sets through bootstrapping
and then trains a decision tree on each subsample and at each node
during training, RF randomly selects a subset of features to split to in-
crease model diversity. Eventually, RF obtains the final prediction result
through a voting process (for classification tasks) among all decision
trees and this method effectively reduces the overfitting issues associ-
ated with single decision trees and improves overall predictive perfor-
mance and generalization. RF performs exceptionally well when dealing
with high-dimensional data and tasks with complex decision boundaries
and offers good interpretability and flexible parameter tuning.

2.5.5. Construction of different feature subsets

This study used 48 features comprising raw image bands, VIs, texture
metrics, and height information, as inputs for the RF classifier to accu-
rately distinguish vegetation types. In order to explore the contribution
of different types of features and their impact on classification results,
different object-based feature subsets were designed, forming nine
classification schemes for UGS vegetation, as shown in Table 6. This
study evaluated the contribution of different types of features to the
classifier by incrementally adding spectral features, height information,
VIs, and texture features. S1 contained only spectral features, S2 added
height features based on oblique photography, S3 added VIs based on
spectral information, and S4 included texture features. S5 and S6 added
VIs and texture features to S2, respectively. S7 added texture features to
S3, and S8 included all feature types.

Feature selection plays a key role in object-based classification and
several studies have shown that redundant features can negatively
impact the performance and stability of classification models (Shi et al.,
2021), therefore, it is necessary to optimize and reduce the number of
features by eliminating irrelevant ones. Recursive Feature Elimination
with Cross-Validation (RFECV) is a method used in machine learning to
optimize feature selection (HARIF and KASSIMI, 2024) as it recursively
removes features that contribute the least to the model and applies
cross-validation at each step to evaluate the performance of feature
subsets, thereby determining the feature set that most improves gener-
alization capability of the model and the optimal feature subset, S9, was
selected using the RFECV method.

2.5.6. Evaluation metrics

In order to determine the optimal UGS vegetation classification
scheme based on UAV dual-source imagery and analyze the effectiveness
of different feature types, this study used confusion matrix-related
metrics to evaluate the accuracy of the vegetation classification. Spe-
cifically, this study calculated the four key metrics along with their
related calculation expressions are given as follows:

(1) Overall Accuracy (OA):
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Table 6
Nine object-based classification feature subsets schemes design.
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Schemes Classification features Spectral Heights VIs Textures Total features
S1 Spectral bands 16 16
S2 Spectral bands + Heights 16 4 20
S3 Spectral bands + VIs 16 8 24
S4 Spectral bands + Textures 16 20 36
S5 Spectral bands + Heights + VIs 16 4 8 28
S6 Spectral bands + Heights + Textures 16 4 20 40
S7 Spectral bands + VIs + Textures 16 8 20 44
S8 ALL 16 4 8 20 48
S9 ALL RFECV 7 4 3 3 17
Zle Ci mtry parameter was assigned its default value, which is the square root
OA = N 1s) of the total number of features. Feature selection was implemented using
RFECV, which iteratively removed the least important features based on
their contribution to model performance. The RFECV process utilized
(2) Producer Accuracy (PA): 3-fold cross-validation and selected the optimal subset of 17 features,
C. achieving a balance between model accuracy and computational effi-
PA; = —— 1e6) ciency. (6) The UGS vegetation in the study area was classified based on
21 Gy the trained model by generating accurate classification results to
analyze the spatial distribution characteristics of UGS.
(3) User Accuracy (UA):
3.2. Urban green space canopy height model
UA; = kC a7
251G Two typical local areas with non-ground vegetation were selected to
verify the effectiveness of the proposed method for generating the CHM
based on UAV dual-source RS imagery, as shown in Fig. 3.
(4) Kappa Coefficient: Fig. 3(a) and (d) illustrate the HAG obtained from the difference
P,—P, between DSM and DTM where the proposed approach not only yields
k= 1-p, 18 above-ground height data but also incorporates the height of non-

where C; is the element on the diagonal of the error matrix (i.e., the
number of correctly classified samples), N is the total number of pixels, k
is the number of categories, P, is the observed agreement probability,
and P, is the expected agreement probability.

3. Experiments and results
3.1. Experimental environment and process

The experimental environment for this study consisted of a Lenovo
ThinkSystem SR650 server, configured with two Intel Xeon Gold 5117
CPUs @ 2.00 GHz, 256 GB DDR4 memory (2666 MHz), and an NVIDIA
Tesla V100 GPU (32 GB). The additional software included Python 3.8,
ENVI 5.3, ArcGIS 10.3, Trimble eCognition Developer 10.3, and Con-
textCapture 10.2.

The experimental process of this study included the following steps:
(1) Vegetation extraction was initially conducted with the MREVI
derived from multi-spectral imaging to differentiate vegetation from
non-vegetation zones in the study area. Based on previous studies (Li
et al., 2024), the threshold value for MREVI was set at 0.1, which ach-
ieved the best vegetation extraction results for the study area. (2) The
CHM for UGS was produced using a vegetation canopy height correction
technique that relies on dual-source imagery to get height data for UGS
vegetation. (3) Image segmentation was performed via eCognition
software, wherein segmentation algorithms partitioned the imagery into
multiple items to enable subsequent classification analysis. (4) Features
were extracted for each segmented object, encompassing spectral fea-
tures, height features, vegetation indices, and texture features, and
feature sets were assembled for training the classification model. (5) An
object-based RF model was trained by optimizing the classification
process. A configuration of 200 trees (ntree = 200) was selected, and the

vegetative regions which results in interference. In Fig. 3(b) and (e),
non-vegetation height data were obscured to eliminate non-vegetation
effects, yet some substantial problems persisted. Certain non-ground
vegetation heights were mistakenly computed as significantly bigger
than their true values due to calculations being based on ground-relative
height. The traditional CHM calculating method finally proved to be
ineffective for metropolitan regions. Fig. 3(c) and (f) depict the out-
comes of the proposed strategy where this method produces a CHM that
exclusively incorporates the genuine canopy heights of plants which
correctly represents the actual height of the vegetation.

To verify the accuracy and reliability of the CHM generation, this
study evaluated it using ground-based measured data. The ground
validation data was collected using a high-precision handheld altimeter
(accuracy + 0.1 m) and Real-Time Kinematic (RTK) positioning equip-
ment (accuracy + 0.01 m). Within the study area, representative plots
were selected, covering different vegetation types (such as trees, shrubs,
and grasslands) and terrain conditions (including ground vegetation and
non-ground vegetation). For each terrain condition, five measurement
points were evenly distributed across each category to ensure spatial
distribution rationality. During the measurement process, the vertical
height from the tree crown top to the ground was measured using the
altimeter for trees, while a tape measure was used to directly measure
the height of shrubs and grasslands. The precise geographic coordinates
and vegetation type information of each measurement point were also
recorded. Throughout the data collection process, obstructions were
avoided, and outliers were rechecked to ensure data reliability. Ulti-
mately, validation data from 50 points were obtained, and the ground
measurement data were compared with the CHM generated by the
method proposed in this study. The accuracy verification results are
detailed in Table 7.

CHM demonstrates high accuracy across various vegetation types,
with a total mean absolute error (MAE) of 0.17 m and a relative error
range of 0.27-6.21 %, achieving an overall accuracy of 95.03 %. Spe-
cifically, for non-ground vegetation, the MAE is 0.14 m, with a relative
error range of 0.27-4.32 %, and an accuracy of 95.23 %, indicating that
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Fig. 3. Canopy height models where (a) and (d) show the above-ground height obtained by subtracting the DTM from the DSM, (c) and (e) retain only the height of
the vegetation areas, and (c) and (f) represent the canopy height obtained by the method proposed in this paper.

Table 7

CHM accuracy verification results.
Type Mean absolute Relative error Accuracy

error (m) range (%) (%)
Ground vegetation ~ 0.19 0.56 ~6.21 94.82
Non-ground 0.14 0.27 ~4.32 95.23
vegetation

Total 0.17 0.27-6.21 95.03

CHM provides precise height estimates for non-ground vegetation. For
ground vegetation, the mean absolute error is 0.19 m, with a relative
error range of 0.56-6.21 %, and an accuracy of 94.82 %. Although the
error is relatively higher, possibly due to factors such as terrain undu-
lation, the overall accuracy remains at a high level. In general, CHM
exhibits excellent reliability and meets research requirements. The main
factors affecting the error include the resolution of UAV imagery, de-
viations in point cloud data processing, and interference from complex
environments.

3.3. Vegetation classification accuracy evaluation

The results of classification accuracy for UGS vegetation using
different feature subsets are presented in Table 8.

It can be noticed from Table 8 that spectral features (S1) resulted in
an OA of 83.41 % and a Kappa coefficient of 0.75 which indicate low
initial classification accuracy. When height information was introduced

in S2, OA rose sharply to 93.77 % with an improvement of around 10 %
demonstrating the importance of height information. However, by
combining spectral features with VIs (S3), there is only a slight
improvement, and the Kappa coefficient remained low (about 0.75). In
contrast by incorporating texture features (S4), the Kappa coefficient
became 0.77 which indicates that texture features contributed more to
the classification process than VIs. When the height information was
further incorporated, the classification performance improved again
with the Kappa coefficient increasing to 0.90. The experimental results
indicated that regardless of whether other features were combined, the
classification accuracy in schemes where height information included
was significantly higher than in those without height information.
However, when additional VIs (S5) and texture features (S6) were
introduced into the RF classifier based on S2, the OA dropped to 93.75 %
and 93.65 % respectively. This slight decline in accuracy suggests that
the inclusion of redundant or less informative features may have intro-
duced noise into the model, thereby reducing its performance. Even
when all types of features were incorporated into the model in S8,
optimal accuracy was not achieved. S9, which selected the optimal
feature subset using the RFECV method, reached an OA of 93.82 % and a
Kappa coefficient of 0.91, slightly higher than all other schemes,
yielding significant classification results. The remaining inaccuracy of
less than 10 % can be attributed to factors such as inherent spectral
overlap between certain vegetation categories, limitations in spatial
resolution, and potential misclassification of mixed objects at vegetation
category boundaries. Table 8 shows that in some schemes, adding
excessive VIs or texture features not only failed to improve classification
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Table 8

Classification accuracies of schemes 1-9.

S9

S8

S7

S6

S5

sS4

S3

S2

S1

Class

PA

UA

PA

UA

PA

UA

PA

UA

PA

UA

PA

UA

PA

UA

PA

UA

PA

UA

71.73
62.48
97.83
97.21

80.49
79.50
96.30
95.00
92.47
93.82
0.91

80.39 72.16

43.94
25.28
96.95
79.56
82.89

72.72
80.51

71.57
60.75

80.69
80.21

45.76 79.51 71.41
24.77

75.06
80.73

39.84
26.91

70.61

71.57
60.75

80.45
79.36

96.21

43.14

69.80
79.55
90.29
79.92
77.27

83.41

Grass

62.48
97.83

80.13

61.87
97.85

79.76

80.73

25.79
96.61

Shrub
Tree

96.20

90.37
81.62

79.15

97.83
97.05
92.12

96.19

96.23

97.00
78.96
82.76

90.44
81.32
78.80
84.43
0.77

89.94 96.80
78.17

97.97
97.23

97.18

94.97

97.35 94.71

94.92

80.10

94.88
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76.78
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92.38
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83.59

92.20
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0.77

0.90

0.90
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0.90

0.75

Kappa
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accuracy but also led to performance degradation due to information
redundancy.

In all experimental schemes, the PA and UA for the tree category
were consistently higher than for other categories, with the PA
approaching 1 and the UA remaining stable. This high accuracy is likely
due to the distinct spectral and structural characteristics of trees, which
make them easier to differentiate from other vegetation types. As more
features were added, the classification accuracy for the shrub category
showed the most notable improvement. When only spectral features
were used, the PA for this category was 25.79 %, nevertheless after
adding height information and other features, the PA increased to a
maximum of 62.48 %. Nonetheless, the increase in features did not have
the same impact on all categories, and for some categories, classification
accuracy did not improve significantly with the addition of more fea-
tures. This could be due to the inherent spectral and structural similar-
ities between these categories and their surrounding environments,
making them more challenging to classify even with additional features.

3.4. Feature importance

In this paper, 48 features were extracted where their contributions to
vegetation classification varied while the most critical features for
classification were selected using RFECV. As shown in Fig. 4, it can be
noticed that with 17 feature variables, the OA reached 93.77 %, and the
Kappa coefficient reached 0.90. Hence, it can be said that by adding
more features could not significantly improve accuracy which indicate
that too many features can lead to data redundancy and overfitting.

The most important 17 features were identified as the optimal
feature subset for UGS vegetation classification on the basis of RFECV
results. From Table 9 it can be noticed that these features were selected
from the original 48 features, including 7 spectral features, 3 texture
features, 3 VI features, and 4 height features. The feature importance
ranking based on Gini impurity highlighted the significant role of height
information (Zhang and Yang, 2020); specifically, the mean values of
the CHM and DSM ranked first and second, respectively, while the other
height-related features (such as the standard deviations of CHM and
DSM) were also retained. Among the spectral features, several band
variability features, including the standard deviation of the blue band,
were selected, indicating that band variability plays an important role in
distinguishing vegetation types. Moreover, texture features (such as the
energy and contrast of the blue band) and VI features (such as the
standard deviation of NDVI egedge and the mean of SAVI) were included
in the optimal feature set, demonstrating their valuable contribution to
refining classification.

A comparison between the RF classification results employing all

100 1.0

Accuracy(%)
Kappa

—e— Accuracy
—=— Kappa

) 10 20 30 40 50
Number of features

Fig. 4. Accuracy and kappa coefficient under different feature numbers.
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Table 9
Optimized feature subset and feature importance ranking.
Ranking Feature Ranking Feature
1 mean_chm 10 cor_g
2 mean_dsm 11 mean_savi
3 std_ndvi_rededge 12 mean_band1
4 std_b 13 std_band5
5 std_dsm 14 std_band1
6 std_savi 15 mean_band5
7 std_chm 16 std_g
8 ene_b 17 mean_band4
9 con_b

features (S8) and those using the RFECV-selected optimal feature subset
(S9) reveals slight differences in classification performance. When all
features were used, the Kappa coefficient and OA were found to be 0.90
and 93.79 %, respectively and with the RFECV-selected feature subset,
the Kappa coefficient increased to 0.91, and the OA rose to 93.82 %. The
feature subset optimized by RFECV effectively reduced redundant in-
formation while retaining the most impactful features, leading to clas-
sification improvements across multiple categories. The PA for the grass
category remained at 71.73 %, similar to previous results, but perfor-
mance in other categories improved. Notably, the UA for the grass
category increased slightly to 80.49 %, highlighting the effectiveness of
feature selection. Although the overall performance of both approaches
was similar, the RFECV feature selection method resulted in a slight
improvement in classification accuracy. It enhanced the stability of UA
in certain categories, and this underscores the importance of feature
selection in identifying the optimal feature subset, which is essential for
achieving multi-feature classification of UGS vegetation. It not only re-
duces model complexity but also improves classification accuracy.

3.5. Classification result maps of the study area

Fig. 5 presents the vegetation classification results of the study area
via an object-based RF classifier across nine different feature subsets.
Overall, all models were able to comprehensively identify UGS vegeta-
tion, but there were significant differences in the details. First, in areas
where buildings and vegetation are intermingled, the models that did
not use height features performed poorly and led to numerous mis-
classifications. For instance, some low shrubs or rooftop vegetation were
mistakenly classified as trees, reducing classification accuracy. More-
over, confusion between background and building areas was noticeable,
with many background objects being misclassified as buildings and
building regions experiencing severe misclassification, which led to
visible gaps in the classification result map; this misclassification
affected the OA of the results while the models incorporating height
features demonstrated significantly better classification results when
compared to those without height features.

The introduction of height information allowed the classifier to
better distinguish different types of vegetation, especially in complex
urban environments, improving the recognition of trees and shrubs. In
particular, the model using the RFECV-selected feature subset achieved
the best classification performance, with vegetation distribution most
closely matching the actual scenario, which underscores the importance
of height features and feature selection in enhancing classification
accuracy.

4. Discussion

The height information plays a crucial role in vegetation classifica-
tion, reflecting the growth status of vegetation and its relationship with
the environment. However, traditional CHM calculations often assume
that all grown vegetation on the ground is not suitable for high-
resolution UAV imagery in urban environments, especially with the
increasing prevalence of rooftops and vertical greening, and this can
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lead to significant errors in vegetation height estimation, affecting
classification and other applications (Fassnacht et al., 2021; Zhao et al.,
2021). In order to handle this problem, this paper proposed a method to
generate a CHM for UGS based on dual-source UAV RS images
employing an innovative height correction algorithm to effectively
resolve height errors associated with non-ground vegetation. While
comparing the proposed framework to traditional methods, the CHM
generated by the proposed approach eliminates the interference from
non-vegetation areas and retains more accurate vegetation height in-
formation, resulting in enormous improvements in the accuracy of
subsequent tasks.

The employment of various features extracted from UAV dual-source
imagery is significant for UGS vegetation classification. In remote
sensing research, there is widespread interest in the contribution of
different features to classification performance. Several research studies
introduced multiple features into a single classifier to assess their con-
tributions by examining changes in overall classification accuracy
(Neyns and Canters, 2022). This paper evaluated the importance of
various features in UGS vegetation classification using RF model. The
experimental results indicated that the inclusion of spectral features,
canopy height information, VIs, and texture features all contributed to
varying degrees of improving classification accuracy, and all types of
features positively impacted the vegetation classification process.
Although spectral features play an essential role, relying solely on
spectral information does not provide sufficient discriminatory power in
complex urban environments. A comprehensive feature selection strat-
egy that combines height, texture, and VI information is an effective
approach to improve classification accuracy.

The results provided in Table 8 show that when height information
was introduced (S2), the classification accuracy improved by approxi-
mately 10 % compared to using only spectral features (S1), demon-
strating the critical role of height information in classification
performance. Hence, it’s validated that the models incorporating height
information achieved higher accuracy in all schemes than those without
height features, and it indicates that height information is essential for
distinguishing UGS vegetation types at the species level.

Although adding more feature types tends to increase classification
accuracy, having too many features can also result in redundancy, which
can lower classification accuracy and efficiency (Dhal and Azad, 2022).
Feature redundancy typically arises from overlapping information be-
tween different features, which can degrade model performance rather
than provide additional useful information. This study employed the
RFECV method to optimize feature selection by identifying and elimi-
nating features that contribute less to classification. Moreover, the
feature subset selected by RFECV not only improved the accuracy of UGS
vegetation classification but also significantly reduced computational
overhead, and it suggests that in complex urban vegetation classification
tasks, an appropriate feature selection strategy can maintain high ac-
curacy while improving the efficiency of the model by providing more
precise and efficient tools for urban vegetation monitoring and mapping.

The DTM rapid generation method employed in this study is pri-
marily suitable for research areas with flat terrain and gradual elevation
changes, and has certain application limitations in regions with signif-
icant topographic relief. Specifically, the applicability of the IDW
interpolation method is limited in such complex terrains. The IDW
method is based on the fundamental assumption of the "First Law of
Geography," which posits that points closer in space are more similar.
However, in areas with significant topographic variations and complex
surface cover types (such as buildings, vegetation, etc.), this spatial
autocorrelation assumption often does not hold. This limitation may
lead to systematic errors in the DTM generation process, manifesting as
overestimation or underestimation of topographic features, thereby
affecting the accuracy of subsequent land cover classification. Therefore,
it is necessary to consider more precise interpolation methods for re-
gions with complex terrain. Additionally, the construction method of the
CHM relies on the accuracy of vegetation extraction. Although VI
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Fig. 5. Vegetation classification map of the study area.
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methods are simple to calculate and widely used, they may have limi-
tations in terms of accuracy. Therefore, exploring improved methods to
enhance vegetation extraction accuracy would be beneficial for down-
stream tasks. The method proposed in this study achieved good classi-
fication results within the experimental area, but its broad applicability
still needs further validation. The urban structure and vegetation types
in the study area are relatively specific, and the environmental charac-
teristics of other cities may differ, impacting the effectiveness of the
method. Future research should conduct comparative experiments in
different cities and ecosystems to verify the generalizability and
adaptability of the method. Satellite imagery offers broader spatial
coverage and, through multi-temporal analysis, provides valuable tem-
poral insights (Orusa et al., 2024; Viani et al., 2024a). In the future,
integrating similar technologies with satellite remote sensing data could
significantly enhance the urban vegetation mapping process. Moreover,
further exploration of its potential applications in climate regulation,
carbon sequestration assessment, and environmental monitoring is
needed to enhance its practical value in urban planning and ecological
management.

5. Conclusion

To efficiently map UGS vegetation, the proposed study achieved the
effectiveness of high-resolution UAV multi-spectral imagery combined
with oblique photography imagery. Firstly, this study proposed a
method for generating a CHM of UGS based on UAV dual-source remote
sensing imagery, which effectively addresses the unique characteristics
of urban greening. Secondly, an object-based classification method
integrating multiple features was adopted to evaluate the contribution
of different feature types to UGS vegetation classification. The key
findings of the study include: (1) The vegetation canopy height correc-
tion algorithm based on dual-source imagery addressed the issue of large
height errors for non-ground vegetation in previous CHM calculations.
The CHM of UGS constructed in this study more accurately reflected
actual vegetation height information, achieving a total MAE of 0.17 m
and an overall accuracy of 95.03 %. (2) The experimental results
demonstrated the critical role of height information in improving clas-
sification accuracy. The classification overall accuracy (OA) in the study
area reached 93.82 %, with a kappa coefficient of 0.91. (3) The com-
bination of rich spectral information from multi-spectral imagery and
precise spatial information from oblique photography provides a more
comprehensive description of vegetation features, contributing to
improved classification accuracy.

Overall, the CHM generation and classification method based on
UAV dual-source RS imagery showed significant potential for improving
the accuracy of UGS vegetation classification. This paper provides an
important breakthrough in terms of theoretical and technical support for
urban planning, ecological management, and biodiversity conservation
to contribute towards sustainable urban development. Future research
may improve classification outcomes by integrating multi-source satel-
lite remote sensing data and refining feature fusion algorithms. More-
over, extending this methodology to diverse urban environments,
alongside systematic error analysis and uncertainty evaluation, will
facilitate a more profound comprehension of its applicability and
dependability. Concurrently, delving deeper into the potential applica-
tions of this method in monitoring wetland ecosystems and evaluating
carbon sequestration dynamics could offer significant technical un-
derpinnings for ecological and environmental governance.
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