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Abstract: Understanding the biomass, characteristics, and carbon sequestration of urban forests is
crucial for maintaining and improving the quality of life and ensuring sustainable urban planning.
Approaches to urban forest management have been incorporated into interdisciplinary, multifunc-
tional, and technical efforts. In this review, we evaluate recent developments in urban forest research
methods, compare the accuracy and efficiency of different methods, and identify emerging themes in
urban forest assessment. This review focuses on urban forest biomass estimation and individual tree
feature detection, showing that the rapid development of remote sensing technology and applications
in recent years has greatly benefited the study of forest dynamics. Included in the review are light
detection and ranging-based techniques for estimating urban forest biomass, deep learning algo-
rithms that can extract tree crowns and identify tree species, methods for measuring large canopies
using unmanned aerial vehicles to estimate forest structure, and approaches for capturing street tree
information using street view images. Conventional methods based on field measurements are highly
beneficial for accurately recording species-specific characteristics. There is an urgent need to combine
multi-scale and spatiotemporal methods to improve urban forest detection at different scales.

Keywords: biomass model; forest carbon; individual tree; tree biomass; tree model; urban forest

1. Introduction

Rapid urbanization has become one of the most characteristic modern phenomena
globally, causing changes to society, the economy, and the environment [1]. In 2018, 55% of
the world’s population resided in urban areas, and by 2050, the percentage is projected to
increase to 68% (UN DESA 2018). This unprecedented urbanization has profoundly shaped
urban ecosystems, leading to fragmented landscapes and the disturbance of biodiversity
and biogeochemical cycles. It is estimated that the carbon released by human activities in
cities accounts for approximately 71% of global energy-related carbon dioxide emissions
(World Energy Outlook, 2018). Furthermore, rapid urbanization has led to changes in the
environment, including a reduction in biodiversity [2], deterioration of air quality [3,4], and
a decrease in the amount of green space [5,6]. As urbanization continues, understanding
and quantifying the provision of ecosystem services within cities, especially the demand for
carbon sequestration capacity, will help to address environmental and social challenges [7].

Urban forests, including individual trees, forest stands, and related biological and
environmental elements, are regarded as carbon sinks [8]. The characteristics, functions,
and structures of trees provide diverse benefits and ecosystem services that can mitigate the
adverse effects of urbanization [9]. Biomass factors can reflect whether a forest ecosystem
has healthy environmental conditions [10]. Therefore, carbon sequestration in urban trees
can be assessed by estimating and quantifying biomass. Currently, the loss of forest biomass
in urban areas has become a focus of global attention [11]. As a result, urban ecosystem
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function has increasingly required accurate forest biomass estimation and structural dy-
namics detection [12]. Therefore, the investigation of urban forest biomass enables a better
understanding of the relationship between urban trees and global carbon emissions and
consequently improves urban planning and management.

A wealth of information regarding individual trees can improve our ability to estimate
forest biomass and provide tree-level details for urban ecological research [13]. Urban
forests are mosaics of different ages and species and usually have high spatial hetero-
geneity [14]. Therefore, it is necessary to extract individual urban trees and capture their
attributes, including their morphological features (e.g., leaf area and diameter at breast
height (DBH)) and structure (e.g., species composition and spatial pattern) [15]. These
attributes of individual trees have been widely used in various studies, such as monitoring
the growth and health of trees and providing basic data for three-dimensional modeling
of trees [16–18]. This information is usually collected using conventional technology and
relies on allometric equations and field measurements of species distributions [12]. Remote
sensing images are frequently applied in biomass mapping and the extraction of vegetation
characteristics in urban environments [19]. Urban forests have been described in greater
detail because of improvements in technological capabilities. Recently, the rapid develop-
ment of machine learning techniques and big data applications has enabled street view
images to provide unprecedented opportunities for urban forest investigations [20–22].

With recent developments in urban forest research and the establishment of its key
role in global science, it is necessary to synthesize and update the latest developments in
this field. This review provides a systematic review of the advances in urban forest research
methods. We focused on estimating urban forest biomass and identifying individual trees
using different approaches. We discuss in detail the achievements, challenges, and oppor-
tunities presented by different methods in identifying the characteristics and dynamics of
urban forests and their influences on the monitoring and evaluation of urban forests in the
context of global change.

2. Estimation Methods for Urban Forest Biomass

To mitigate the risk of climate change, a comprehensive understanding of carbon
sequestration is required [23]. Different approaches can be considered to estimate forest
biomass, namely: (i) field-based measurements and biomass allometric growth equations;
and (ii) remote-based inventories. Combining methods based on different measurement
principles is often more efficient for quantifying carbon storage and urban forest sequestra-
tion [24] (Figure 1).

2.1. Field-Based Inventory

Field sampling and data measurements are the most conventional yet highly beneficial
methods for estimating urban forest biomass, providing direct first-hand evidence of urban
forest dynamics. Destructive sampling requires direct measurement and nondestructive
sampling which involves the application of allometric equations [25]. The direct method is
usually performed by physically weighing tree components [26]. This method is limited
to small areas or small tree sample sizes. This method accurately determines biomass in a
specific region and is time-consuming, destructive, and costly. Therefore, it is not suitable
for non-commercial forestry in urban areas [12]. Typically, this method is used to develop
biomass equations for large scale biomass quantification [27].

Indirect methods involve establishing allometric equations for carbon estimation
in urban forests [28,29]. Allometric equations allow the calculation of biomass using
tree sizes. Tree species, wood density, tree height, tree volume, and DBH have been
used to estimate forest biomass [30]. Biomass estimation at the city and landscape level
based on field inventories mainly involves three steps: (1) selection of allometric biomass
equations for individual tree biomass estimation, (2) accumulation of single-tree biomass
for estimating sample plot biomass, and (3) calculation of biomass at the landscape level
based on the average values of the sample plots. The selection of equations may affect
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biomass estimation in urban forests. Applying forest-based equations to tree species is
inferior to using urban-based equations [31]. Specific urban environments may increase
biomass variation depending on various factors, such as species, scale, allometric equations,
population, and community characteristics [12]. Species-specific equations are usually
preferred when a more precise estimation of the volume and biomass of specific trees and
forest types is required, such as for high-value species or environmental management
purposes [12,32]. However, the limitations of these species-specific equations stem from
the cost of biomass measurement, which is generally based on small-scale projects due to
destructive sampling difficulties in urban environments [33].
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In summary, urban forest biomass estimation may require more methods and allomet-
ric equations that apply to urban environments. Considering the time and monetary cost
of developing species-specific allometric equations, more research is required to develop
general allometric equations to detect urban trees. Existing models to quantify the biomass
and carbon dynamics of urban trees are based on generalized allometric biomass equations
and mainly rely on cross-sectional data of urban or natural forests in most temperate
and northern cities [8,26]. Nowak and Crane updated urban general allometric equations
based on data from eight new cities to quantify the carbon storage of urban trees and tree
coverage data [34]. The advantage of these equations is that the relationship between tree
characteristics and biomass can be developed with fewer trees and applied to other trees of
similar shapes [35].
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Notably, the potential error in applying general allometric equations developed for
natural trees could be substantial when directly used in urban forests. The general equa-
tions overestimated the number of open-grown urban forests [36]. The carbon storage of
urban forests was estimated using forestland biomass allometric equations multiplied by
a correction factor of 0.8 [34]. The standard application of the correction factor may lead
to an underestimation of urban forest biomass. Applying a 20% reduction to the biomass
estimation of street trees, the estimate was 30% lower than the field-based measurements in
urban street areas [12]. Another study established a general equation for urban broadleaf
species that overestimated aboveground biomass (AGB) by 50% [37]. Although correction
factors have been widely used in urban forestry research, there is limited evidence to
validate or support their value. The differences between species structures used to generate
general urban equations and urban tree populations may be the cause of this situation [30].

The selection of an appropriate allometric biomass equation is one of the greatest
sources of uncertainty, depending on multiple factors, such as species composition and plot
size [38,39]. Furthermore, allometric models are usually only fitted with a limited number
of trees and species and might not be representative of a regional tree species pool [40].
In addition, different climatic conditions can affect urban growth, and the equations for
specific species lack accuracy or universal applicability, which might affect large-scale
estimates [41]. Therefore, an allometric equation should be carefully selected to estimate
urban forest carbon.

2.2. Remote Sensing-Based Approach
2.2.1. Passive Optical Remote Sensing

Remote sensing techniques provide approaches for collecting data on forest distribu-
tion and structure, while avoiding many of the challenges of conventional methods [42]. A
wide range of remote sensing approaches employ single or multiple sensors, and passive
or active remotely sensed data have been increasingly employed to investigate forest cover
changes and estimate carbon storage [43,44]. Passive optical satellite images can provide
information on the uppermost characteristics of a forest, and AGB can be obtained indi-
rectly through empirical relationships between spectral indices or reflectance and canopy
parameters [45,46]. A wide range of remote sensing methods for AGB estimation has
been derived, from low-resolution (e.g., MODIS, Landsat, and ASTER) to very high-spatial
resolution (e.g., Quickbird, IKONOS, and WorldView) remote sensing imaging.

Multispectral remote sensing images from (coarse resolution, 200–1000 m; medium
resolution, 20–30 m) satellite platforms have gained in popularity when it comes to ob-
taining comprehensive spatial information on forest characteristics over large areas. In
particular, sensors for Landsat missions are usually based on regression models of surface
reflectance bands, derivative vegetation indices, and image transformations to map urban
forest biomass and dynamics [45,47]. The Landsat Thematic Mapper (TM) and the En-
hanced Thematic Mapper (ETM+) have become the most common approaches for depicting
the spatiotemporal distribution of forest structure, as data with a spatial resolution of 30 m
can be obtained for free [48,49]. Although these medium- and coarse-resolution datasets
lack the detailed information required to map urban vegetation accurately, researchers
have developed many approaches based on these datasets [50,51].

Currently, very high-resolution (VHR) images are becoming increasingly relevant for
urban forest observations and monitoring [52,53]. VHR images can accurately measure
the height, crown diameter, and volume of trees, and estimate biomass through allometric
relationships [54,55]. VHR data have been used to map urban vegetation in many cities
worldwide, including Hong Kong [56], Vancouver [57], and Los Angeles [58]. However,
most VHR images are confined to a small area for a short period due to the high costs and
limited availability in urban areas, thus limiting their usefulness in urban planning. In
summary, exploring the relationship between spectral traits (coarse, medium, and VHR)
and urban forest carbon storage is challenging. As passive sensors mainly explore the
upper crown in a two-dimensional structure, it is not easy to detect the vertical structure
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of the forest for estimating AGB and carbon storage [45]. Furthermore, the availability of
multispectral satellite data is limited by the inability to classify cloud-covered areas [59].

2.2.2. Light Detection and Ranging

The development of Light Detection and Ranging (LiDAR) has led to breakthroughs
in forest resource inventory [60,61]. The LiDAR system detects horizontal and vertical
distances between the sensor and the target, providing data to generate a three-dimensional
forest structure (e.g., canopy height, coverage, and volume) that can be further used to infer
forest biomass [62,63]. The connection between such systems and urban forest resource
inventories can be regularly exploited to determine the structure and function of urban
forests [64] and to estimate the biophysical parameters of individual urban trees [65], predict
the regional AGB of forests [66], and quantify forest carbon dynamics [67]. In addition,
LiDAR methods achieve a lower uncertainty in estimating AGB at different spatial scales
because of the stronger correlation between biomass and tree height [68].

Various studies have reported the successful use of airborne laser scanning (ALS),
terrestrial laser scanning (TLS), and mobile laser scanning (MLS) for biomass estimation
and 3D structure measurements at the individual tree level [69–71] (Figure 2). ALS data
have been widely applied to detect individual tree crowns at large scales among these
three technologies [72,73]. Focusing on the urban environment, the results of the Van-
couver case study demonstrated that large individual canopies could be mapped with
an ALS point cloud-derived raster and an object-based workflow [74]. The application of
high-density ALS data has also proven its potential in the fully automated classification
of urban coniferous or deciduous forests [75,76]. However, given the complexity and het-
erogeneity of forest structure and composition, ALS may not capture the complete vertical
distribution of a crown [77]. Recently, TLS techniques have been used as a complementary
approach to ALS [78]. They allow DBH, stem density, and crown shape to be obtained
by providing a considerable amount of precise information about various forest structure
parameters [79,80]. ALS fills this gap in manual measurements and is more suitable for
measuring millimeter-level information, from individual trees to sample plots. Methods
using TLS unique distance information are more effective for estimating the leaf area of
individual trees in urban areas [81,82]. The explosive increase in TLS data is revolutionizing
the development of methods for automatically calculating individual tree attributes. MLS
allows for the quick and cost-effective acquisition of close-range 3D measurements of street
objects as part of a new mapping system [83,84]. It obtains higher point density data and
more complete data coverage than the ALS system and performs more efficiently than
TLS [17]. Algorithms combining MLS with digital images or videos have been successfully
applied to individual tree detection with geometric parameters [85]. MLS has the potential
to extract information simultaneously and automatically about roadside trees, which is
promising for urban forest management [71].

Approaches that apply LiDAR to mapping urban forest biomass are associated with
some uncertainties. These approaches improve data acquisition and provide a higher
point density for estimating AGB. However, this may greatly increase the cost and pose a
challenge to procuring and processing large volumes of LiDAR data cost-effectively for
large-area assessments [86]. In addition, LiDAR pulses may miss actual treetops, and tree
height estimation based on LiDAR tends to be underestimated. Owing to the lack of model
generalization, this technique can only be applied to specific sites [87,88]. More effort
is needed in urban forest biomass estimation to establish LiDAR-based models that are
cost-effective and suitable for reasonable estimation of tree allometry.



Forests 2022, 13, 616 6 of 18

Forests 2022, 13, x FOR PEER REVIEW 6 of 19 
 

 

potential to extract information simultaneously and automatically about roadside trees, 
which is promising for urban forest management [71].  

 
Figure 2. Data acquisition principles of airborne laser scanning (ALS), terrestrial laser scanning 
(TLS), and mobile laser scanning (MLS) on urban forests. The red arrows represent multiple returns 
from a single laser pulse. 

Approaches that apply LiDAR to mapping urban forest biomass are associated with 
some uncertainties. These approaches improve data acquisition and provide a higher 
point density for estimating AGB. However, this may greatly increase the cost and pose a 
challenge to procuring and processing large volumes of LiDAR data cost-effectively for 
large-area assessments [86]. In addition, LiDAR pulses may miss actual treetops, and tree 
height estimation based on LiDAR tends to be underestimated. Owing to the lack of model 
generalization, this technique can only be applied to specific sites [87,88]. More effort is 
needed in urban forest biomass estimation to establish LiDAR-based models that are cost-
effective and suitable for reasonable estimation of tree allometry. 

2.2.3. Unmanned Aerial Vehicle-Based Techniques 
The advent of unmanned aerial vehicles (UAVs) in forest research has provided a 

new method for estimating urban forest biomass and characterizing individual trees [89]. 
The technology offers a series of potential advantages, including high-intensity data col-
lection, user-defined spatial and temporal resolution, and flexibility regarding the type of 
onboard sensor used [90]. UAVs are also particularly beneficial for investigating optical 
remote sensing time-series data in areas that encounter frequent cloud coverage [91]. 
Compared with field surveys, high-spatial resolution UAV images can capture details of 
ground objects to help better model biomass [90,92]. The details also allow for the classi-
fication of individual trees into deciduous and coniferous trees and the identification of 
specific tree species in urban areas [93]. These methods are highly attractive for urban 

Figure 2. Data acquisition principles of airborne laser scanning (ALS), terrestrial laser scanning (TLS),
and mobile laser scanning (MLS) on urban forests. The red arrows represent multiple returns from a
single laser pulse.

2.2.3. Unmanned Aerial Vehicle-Based Techniques

The advent of unmanned aerial vehicles (UAVs) in forest research has provided a new
method for estimating urban forest biomass and characterizing individual trees [89]. The
technology offers a series of potential advantages, including high-intensity data collection,
user-defined spatial and temporal resolution, and flexibility regarding the type of onboard
sensor used [90]. UAVs are also particularly beneficial for investigating optical remote
sensing time-series data in areas that encounter frequent cloud coverage [91]. Compared
with field surveys, high-spatial resolution UAV images can capture details of ground
objects to help better model biomass [90,92]. The details also allow for the classification of
individual trees into deciduous and coniferous trees and the identification of specific tree
species in urban areas [93]. These methods are highly attractive for urban forest assessment
and provide comprehensive insights into ecosystem functions at multiple scales. The
UAV method has shown great application potential for forest biomass estimation in urban
areas, but some limitations still need to be addressed. For example, distinguishing trees
and background objects in forest UAV images is difficult because of the large amounts
of variation in terms of foreshortening, illumination, different color shades, and non-
homogenous bark textures [94]. Another limitation is that the UAV method only measures
the canopy from an aerial view, which can increase error if there is too much overlap
between individual trees [95]. These challenges remain unresolved.
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3. Estimation and Identification of Individual Trees

Extracting forest structure information at the individual tree level is critical for many
forest managements and ecology applications [96]. The characteristics of individual
trees are also valuable in estimating forest biomass and updating forest inventories [97].
In addition, deriving a register of the attributes (e.g., species, DBH, tree distribution, stem
volume, and biomass) of individual trees is beneficial for establishing maintenance ac-
tions [98]. Urban forest models, machine learning methods, and detection methods based
on street view images are promising techniques for estimating and identifying individual
urban trees.

3.1. Urban Forest Models

Unlike some simple empirical models used in conventional estimations, comprehen-
sive urban forest models can quantify the benefits of street trees and explain differences
in tree type and size. This type of model is a roadside tree-specific analysis tool for ur-
ban forest managers that uses forest inventory data to quantify structures, functions, and
ecosystem services [99,100]. For example, i-Tree, ENVI-met, computational fluid dynamic,
and CITYgreen models are widely used to detect and estimate urban forests [101,102]. One
of these models, i-Tree (www.itreetools.org) accessed on 2 February 2022, is a software
suite developed by the United States Department of Agriculture (USDA) Forest Services
that helps researchers and managers estimate the structure and ecological functions of
urban forests [103]. Two sub-models in the i-Tree toolset, i-Tree Streets (formerly UFORE)
and i-Tree Eco (formerly STRATUM), estimate the magnitude of ecosystem services from
average growth rates, biomass allometry equations, and the canopy features of different
species. The i-Tree model successfully compared the forest carbon stocks of 14 cities in the
United States, suggesting that the model provides valuable insights into tree populations,
total carbon storage, gross and net carbon sequestration, and the sustainability of urban
forests [104]. Although urban forest carbon estimation models based on the i-Tree tool have
shown high effectiveness in monitoring carbon dynamics across cities, their uncertainties
cannot be ignored [105]. For example, in the i-Tree model, only sampling errors with field
map data were evaluated, and errors due to model structure and parameters are not taken
into account, leading to uncertainty in the estimation of urban forest biomass [8].

3.2. Deep Learning Techniques

Machine learning techniques have become powerful tools in the remote sensing
community because of their outstanding performance in terms of model versatility and
accuracy. Machine learning techniques have advanced and introduced new methods
for the most common remote sensing processing tasks, such as classification, change
detection, image processing, and accuracy assessment. Machine learning combined with
object-based image analysis techniques has been well established for recognizing and
detecting objects in red–green–blue (RGB) images. Deep learning, a branch of machine
learning, has created computationally efficient relational models in remote sensing [106].
It is particularly suitable for the image interpretation and pattern recognition of spatial
data using convolutional neural networks (CNN) [107]. Due to its superiority in high-level
feature representation and scene identification, CNN has demonstrated great potential for
urban forest estimation and identification at the individual tree level. In deep learning
applications, individual tree crown detection and species classification are common research
topics in deep learning [108,109]. From the perspective of crown detection, deep learning
methods based on RGB and LiDAR data can be used to identify individual trees. CNN
can be used to classify dominant tree species in highly complex urban environments [110].
Furthermore, CNN-based object detectors can classify and list the geographic locations of
roadside trees from street views and aerial images [111,112].

Presently, deep learning still has limitations in practical tree detection. Lack of training
data is a common problem in deep learning owing to the high cost of data collection and
annotation [81]. For tree detection, high variability in canopy appearance increases the
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risk of overfitting when using small amounts of a training dataset owing to taxonomy,
health status, and human management [113]. The challenge for individual tree crown
detection and tree species classification based on deep learning is the seasonal foliage
variation of deciduous trees, which may limit the generalization of the classification [22].
Generally, deep learning can provide more accurate results than conventional or shallow
neural network methods when a large amount of data is available [114,115].

3.3. Urban Tree Detection Based on Street View Images

Street view images provide a new opportunity for fine-scale urban ecology research
from a ground-level perspective [116]. With this approach, numerous roadside tree pho-
tos are acquired which can be processed using deep learning or manual interpretation
methods to generate rich information about street trees, such as DBH, tree height, and
tree species [112,117] (Figure 3). For example, street view images can be used to estimate
the impact of tree shadows [118], access to forest coverage, and urban parks [119] and
evaluate the relationship between distributions of vegetation in different cities [113]. These
urban forest factors visually reflect the amount of vegetation seen from the perspective
of pedestrians. These can be quantified using a hierarchical model based on street view
images [120]. This tree census method, which does not require manual field surveys or
time-consuming processing, demonstrates a large-scale and high-speed urban tree investi-
gation approach using geographically extensive and freely available data sources [117,121].
There are weaknesses associated with the use of street view images, most notably that
coverage is limited to street landscapes. Street view images are not available in areas
where roads are sparse and within most large open spaces, such as parks and conservation
lands [122]. Overall, street view imaging is cost-effective, efficient, and highly feasible for
field inventory data collection to obtain information on street trees.
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Figure 3. Urban tree detection based on Mask R-CNN and Google Street View imaging. Backbone
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4. Discussion
4.1. Field-Based vs. Remote Sensing-Based Approaches

For field-based and remote sensing data approaches, trade-offs exist in terms of accu-
racy, coverage, and cost-effectiveness, depending on the type of data required to achieve the
research goals (Table 1). Trade-offs include collecting sufficient field measurement data to
provide records of forest attributes at different spatial scales and continuously across broad
geographic areas. Field-based methods are highly accurate. However, the major challenge
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in collecting data to assess forest stand conditions is that these methods are labor-intensive,
time-consuming, spatially restricted, difficult to access, and extremely destructive [123].
In addition, these measurements are very expensive and are usually interpolated from
relatively small field plots to obtain information for a large geographic area [124]. The
interpolation of data based on a small number of plots can lead to significant uncertainties
when assessing large carbon storage areas and complex forest structures [125,126].

Table 1. Strengths and weaknesses of forest biomass estimation and tree detection methods.

Methods Strengths Weaknesses (Limitations) References

1. Forest biomass

(1). Field-based inventory Highly accurate; abundant
indicators available

Time and resource consuming;
labor-intensive, destructive, and

expensive; limited to small areas and
small tree sample size

[12,25,33]

(2). Remote sensing-based approach
Cost-effective; data spatially explicit

and continuous; data available at
multiple temporal and spatial scales

Difficult to obtain forest structure
information; limited by biomass

models; highly uncertainty
[10,127]

2. Tree detection

(1). Urban forest models Accurate to the individual plant scale;
simplified and generalized operation

Model structure and parametric
uncertainties [105]

(2). Deep learning More effective for urban tree species
classification; flexibility and accuracy

Lack of training data; the cost of data
collection and annotation; difficulty to
obtain the ground truth information

[114,128,129]

(3). Street view image-based technique

A very fine level from the ground
perspective; freely available,

geographically extensive data sources;
cost-effective, high efficiency, and

strong feasibility

Not available where road access is
sparse, within most large open spaces;

limited to streetscapes
[117,121,122]

Conversely, remote sensing techniques can overcome the limitations of field-based
observations and have the potential to provide cost-effective, continuous, and spatially
explicit data at multiple temporal and spatial scales (Figure 1) [127]. Additionally, remote
sensing data can provide information that may not be easily measured in the field, such as
landscape metrics and retrospective change detection monitoring [130]. However, remote
sensing techniques can only assess trees visible in the sky, making it difficult to capture
details of tree species composition, diversity, and forest structure. Urban forest remote
sensing detection techniques face uncertainties owing to structural variation, landscape
heterogeneity, seasonal variation, and disproportionate data availability [10,131]. Although
field measurement methods are still insufficient for the regular sampling of large or inac-
cessible areas, monitoring methods that combine field and remote sensing can provide
efficient solutions to forest management challenges.

Considering these analyses, field-based and remote sensing methods can complement
each other when exploring fragmented urban forests. Remote sensing can be used to
map tree species composition and forest attributes in a landscape, whereas field-based
measurements can be used to obtain relatively accurate characteristics and validate remote
sensing data [132,133]. da Cunha Neto et al. [134] used UAV-LiDAR to derive the individual
tree heights of pine trees in a city, the results of which were highly correlated with field-
based data. Therefore, it is advantageous to combine field and remote sensing data to
explore the structure and attributes of urban forests.

4.2. Remote Sensing-Based Techniques: A Matter of a Trade-Off?

Increasingly, remote sensing data can be used in forest surveys to map the features of
forest crown coverage, forest constitutions, and dynamics [135]. Remote sensing images
can be generated using optical or microwave wavelengths, active or passive techniques,
and diverse remote sensing data. However, the trade-off between the spatial and temporal
resolutions of remote sensing imagery in detecting urban forests remains a challenge. For
example, MODIS and Landsat series among satellite sensors may be the most commonly
applied sensors because of their high revisit frequency capability and free availability [136].
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The MODIS sensor obtains images of the same scene once a day but only captures ground
resolution units in the range of 250–1000 m [137]. Although Landsat sensors can acquire
images with a fine spatial resolution of 30 m, their revisit period is up to 16 days. In addition,
the actual temporal resolution is much coarser owing to cloud contamination, which results
in only a small number of Landsat images being available each year [138]. If high temporal
frequency images cannot be fused with fine spatial resolution images in urban forest
investigations, the available temporal–spatial resolution may not be satisfactorily obtained.

In the last few decades, quantification of forest biomass from LiDAR data has rapidly
improved [11]. In forest structure and AGB estimation, tree height is an important structural
feature. LiDAR is a suitable technique for measuring tree height and estimating forest AGB
because of its ability to penetrate the forest canopy and record reflected signals from the top
of the canopy and the ground [139]. LiDAR-derived metrics are usually based on digital
elevation models (DEMs). An accurate DEM is critical for estimating tree height from
LiDAR, as any errors contained in the DEM are propagated to the height estimation [140].
However, the resolution and efficiency issues may limit a wide application of the LiDAR-
derived DEM method. Recently, LiDAR-derived DEMs have been greatly simplified by
using statistical resampling methods. A DEM is obtained in a wide range of pixel sizes, and
a series of statistical metrics are given for different pixels, proposing a method to calculate
the minimum value. The LiDAR-derived DEM method shortens the time of processing and
reduces error [141]. The method has great promise for future applications in tree height
measurement and biomass estimation.

Cost-effectiveness may be a key issue in large-scale urban tree detection [142,143].
The cost of data procurement and processing limits the extent to which LiDAR can be
used in large-scale research. Reducing the density of LiDAR points is a viable solution for
forest assessment at a regional scale without compromising the accuracy of forest biomass
estimation, and developing an appropriate point cloud density can be used to improve
these estimates further [11]. High-resolution remote sensing imaging can be recommended
as a cost-effective method for providing adequate local and temporal difference data.

In terms of applicability, different research methods involve different levels of forests
and use data from different forest structures and types. For example, the 2D (e.g., optical
passive remote sensing) methods usually use a sky perspective and technically can only
distinguish tree canopies in the upper layer of the forest [128,144]. The 3D methods based
on ALS have weaknesses when it comes to identifying understory trees and quantifying
tree variables [145,146]. This is due to the reduced signal density of LiDAR data while
penetrating the canopy [81]. In general, the TLS method can be used to retrieve more
detailed information on tree inventory parameters [147]. However, the TLS method is only
used to detect dense and vertical forest stems and cannot be used to separate individual
trees [148]. This restriction may affect the visual quality of the images derived from LiDAR
and the estimation of the tree variables. The combination of LiDAR and passive optical
image data has been presented to improve the estimation of AGB and stand volume. Zhang
and Shao [129] have combined LiDAR data with high-resolution images to quantitatively
estimate forest biomass in Zhuhai city and improved the inversion accuracy. Thus, fusing
LiDAR data and spectral data can provide a complete image of trees without blind spots,
allowing visual assessment without viewpoint limitation.

4.3. Deep Learning in Tree Detection

In recent years, deep learning methods have been proposed for vegetation-related
applications [149,150]. For example, deep learning-based object detection methods have
been proven to help retrieve the locations of individual tree crowns. The dense convo-
lutional network is one of the latest neural networks for visual object detection used to
classify dominant tree species in highly complex urban environments [151]. Using deep
learning techniques to identify trees at high risk of pest infestation can also enable de-
cision makers to proactively prevent, monitor, and manage forest invasions of invasive
species outbreaks with a high temporal resolution [152]. In particular, in the CNN architec-
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tures, Mask R-CNN achieved excellent performance and outperformed other architectures
designed for instance segmentation tasks [153], becoming the most promising publicly
available framework for the core instance segmentation model for tree inventory generation
workflow [154]. Yang et al. [155] used the Mask R-CNN model successfully to detect and
locate individual tree crowns in New York’s Central Park from Google Earth images.

The Mask R-CNN model has a powerful detection algorithm for fast and accurate
identification with a strong model generalization ability for tree crown detection [156,157].
This method uses images from UAVs and Google Earth [158–160]. The accuracy of crown
detection is affected by labels which exhibit different shape, size, texture, and chromaticity
attributes. Therefore, t overlearn and overfitting must be avoided. In addition, in detecting
isolated trees, this model can identify individual tree crowns in closed forests. However,
identifying broadleaved tree canopies is more difficult because they are relatively flat,
though closed conifers may be easily detected because they have conical crowns [154]. As
a typical tool for machine learning, the Mask R-CNN model is an automatic extension to
the naked eye and it may not be completely free from subjective constraints on labeling.

Overall, the proposed detection methods based on deep learning have some draw-
backs. Tree detection based on high-resolution images remains underdeveloped. The
object-based CNN method may produce a higher accuracy when manually generating
training networks with samples for very high-resolution multispectral images [161]. How-
ever, it may not always be feasible to prepare training samples manually due to constraints
of time and cost [162]. It is not easy to obtain ground truth information for constructing
pixel-labeled datasets to train models. R-CNN bounding box detection (which becomes
cuboid detection in 3D) is rigid and does not follow the contour of the tree crown, which
is usually more circular [163]. Therefore, applying this method to crown detection can
cause uncertainty.

4.4. Data Mining Approaches Using Street View Images

Oven the past few years, street-level mapping images from online products, such as
Google Street Views, Baidu Maps, and Mapillary, have gradually become available to the
public [164]. Street view images can better capture individual vegetation from a ground-
based perspective [165] and implement virtual inventories of roadside trees to complement
field data collection. These images can reduce labor, time, cost, and safety risks compared
with field measurements [166]. Compared to other geospatial technologies, street view
images are easy to operate and can be freely obtained. Regardless of the weather or seasonal
conditions, virtual surveys based on street view images can be conducted throughout the
year [167]. Street view images are expected to continue to be used as geospatial tools to
assist in urban forestry research and practice [168]. Recently, research on autonomous
vehicle technology has facilitated the development of methods based on large-scale street-
level images [169]. For example, Xia et al. [170] have proposed an automatic image semantic
segmentation method based on street view images to calculate the panoramic green view
index to evaluate the greening condition of urban streets. However, street view imaging
is biased towards the street, and, currently, it cannot yet fully cover parks and open areas.
Until urban areas are fully covered, street view images can be supplemented by satellite or
UAV imaging to cover missing areas.

5. Conclusions

Conventional field measurement methods can accurately capture information on forest
features. Remote sensing provides an alternative method for biomass measurements at
different temporal and spatial resolutions. Currently, the trend in urban forest detection is
to integrate multiple methods with increased temporal and spatial resolution to monitor
urban forests. Fusing LiDAR and spectral data is very helpful in improving detection
accuracy. However, urban forest surveys based on remote sensing data remain a critical
and challenging task. Continuous acquisition of UAV measurements and field observations
is essential for estimating and calibrating satellite-derived urban forest data. The Mask
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R-CNN model can obtain detailed information about tree crowns based on UAV and
remote sensing images as an automatic extension of the naked eye. Recent advances in
object detection techniques in deep learning have provided a method for automatically
detecting urban forest features captured in street view images. An integrated framework
that includes multiple scales, disciplines, and locations is a possible way to quantify and
better understand urban forests at different spatiotemporal scales. This review describes the
applications of low-cost, high-spatial resolution, multidimensional, and big data methods
in urban forests. Integrating field observations and remote sensing data with urban forest
models and deep learning methods provides a promising direction. These methods will
improve our understanding of the characteristics of urban forests and significantly enhance
their management.
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