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Abstract: Urban forests and green infrastructures at large are of critical importance for contemporary
cities as they provide a wide range of ecosystem services (ESS) that enhance the quality of life of urban
dwellers. Remote sensing technologies have greatly contributed to assessing and mapping the spatial
distribution of ESS in urban areas, although more research is needed given the availability of new
sensors from multiple satellites and platforms and the particular characteristics of urban environments
(e.g., high heterogeneity). This Special Issue hosts papers focusing on the temporal and spatial
dynamics of urban forests with special attention given to the most recent remote sensing technologies
as well as advanced methods for processing geospatial data and extracting meaningful information.
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1. Introduction

Through the provision of ecosystem services (ESS), urban forests and green infrastructures provide
multiple benefits for urban dwellers making cities more resilient to climate change by enhancing,
for example, the degree of shading, evaporative cooling, biodiversity, rainwater interception, and storage
and filtration functions [1-6]. To date, the majority of available studies have considered one or more
ESS provided by specific forest areas in cities and proposed remote sensing methods to quantify the
amount of services in relation to their benefits for citizens. Recent studies have attempted to assess
the ESS provided by urban green spaces through the integration of social data with remotely sensed
data, such as high-resolution satellite images and Laser Imaging Detection and Ranging (LiDAR)
data [7,8]. Given the increasing availability of satellite images from different sensors, the spread of
LiDAR data and growing potential of cloud-based services (i.e., Google Earth Engine or Amazon Web
Services), there is a need for innovative research focusing on advanced remote sensing applications for
monitoring and assessing urban forest areas and associated ESS.

This Special Issue includes research studies focusing on the temporal dynamics of urban
forests [9,10] and their distribution in space through the application of advanced semantic segmentation
techniques [11] and in relationship with green space accessibility [12], the implementation of laser
scanner for improving allometry-based forest biometrics [13], and a review investigating the state of
the art of remote sensing in urban forestry [14] (see Table 1).
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Table 1. Remote sensing applications presented in this Special Issue.
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2. Overview of Contributions

A wide range of disturbances driven by natural (i.e., extreme weather conditions) and human
factors (i.e., high level of pollution; fires) can have dramatic effects on urban forests due to their
low level of resilience [16]. Therefore, it is important to understand how disturbances may affect
urban green spaces over time and space both in terms of forest cover and structure. In this regard,
Choi et al. [9] derived changes in urban forest structure from a set of LIDAR point-cloud data in South
Korea during the period of 2012-2015. The authors considered forest structure variables such as
the distribution of growth area and damaged areas, change in vertical density profile as well as the
dynamics of forest canopies (i.e., opening and closing). The authors found that conducting the analysis
in a relatively small time frame is sufficient to detect anomalies in canopies and therefore the potential
effects of disturbances.

In the panorama of remote sensing, LIDAR point-cloud data represent one of the best choices
for describing vertical forest structure; however, multispectral satellite data are more cost-effective
and consistent over time when investigating canopy cover and, more generally, land use/land cover
distribution. In the study conducted by Deng et al. [10], the authors developed a method to detect
land use change in the Hangzhou area (China) by integrating images acquired by Satellite Pour
I’Observation de la Terre (SPOT) and Sentinel-2A satellites spanning the past 20 years. Their methods,
which include multi-date Principal Component Analysis (PCA) and a hybrid classifier, resulted in
higher accuracies compared to traditional land use change detection approaches. Further, the authors
have demonstrated the suitability of this approach for change detection analysis especially in large
cities where the high level of urbanization and land use change may determine the loss of large green
spaces and urban forest vegetation.

With the increasing availability of big data (e.g., multi-source satellite images) and computational
power (e.g., cloud-computing), a new range of studies can take advantage of available technologies to
enhance remote sensing capabilities at the urban scale. For example, Stubbings et al. [11] developed
a method based on semantic segmentation algorithms (Pyramid Scene Parsing Network) and a
hierarchical multilevel model to retrieve a measure of the quantity of visible vegetation from pedestrians’
point of view, namely the Urban Street Tree Vegetation Index. The method, which used more than 200,000
street-level images classified by means of Deep Convolution Neural Networks, represents a valuable
addition to traditional remote sensing sources (e.g., aerial or satellite data). Additionally, the index can
be used as an estimate of human green perception and therefore, for the measurement of cultural ESS,
human health and well-being. Similarly, Zhang et al. [12] studied the potential of recent cloud service
technologies (i.e., Google Earth Engine) to explore the relations between urban dwellers’ socio-economic
condition and green space accessibility in the Pearl River Delta urban forests. The authors used a set of
remote sensing data (e.g., tree cover, forest cover gain and loss) in conjunction with other Geographic
Information System (GIS) maps (e.g., Global Human Settlement and population distribution) to develop
a Google Earth Engine framework aimed at measuring accessibility to urban forests. The travel time
to reach the closest urban forest area was found to be negatively correlated with gross domestic
product density.

In recent decades, the use of airborne LiDAR has exponentially increased the ability to estimate with
high accuracy the biomass of large forest areas [4,17-19]. On the contrary, other technologies integrating
laser scanners (e.g., mobile laser scanner, terrestrial laser scanner) have been less investigated, although
they would be very useful in highly heterogeneous areas such as urban forests. Lin and Jiang [13]
developed a Diameter at Breast Height (DBH) estimation algorithm based on Mobile Laser Scanning
(MLS) that avoids the stem-bending effect. Their algorithm, which predicted the DBH of a complex
boreal urban forest located in Finland with good accuracy (R? = 0.81, RMSE = 52.1 mm), demonstrated
the suitability of MLS-based methods for forest metrics estimation in complex urban environments.

Urban forests are characterized by a high degree of diversity in terms of spatial and temporal
dynamics. In the review article by Li et al. [14], the application of remote sensing in urban forestry was
explored from the perspective of three distinctive themes: multi-source, multi-temporal and multi-scale
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inputs. The authors found that multi-sensor analyses, especially including multispectral and LiDAR
data, gave the best results in terms of accuracy and cost-effectiveness although more research focusing
on data processing efficiency and standardization among algorithms is warranted.

The study of urban forests with particular attention given to the estimation of ESS provided by
these green areas presents a wide variety of data and methods. Future research should focus on the
extraction of metrics that are able to describe the tridimensional structure of a forest (e.g., LIDAR or
Synthetic Aperture Radar data) instead of a mere bidimensional land use classification. Additionally,
there is a need for the standardization of methods with a preference for those which are accurate
and of simple application aimed at creating a common language (i.e., streamlined framework) in
the research community. Such characteristics would make the application of the most recent remote
sensing technologies, as well as advanced data processing methods, more usable by urban planners
and technicians and at the same time, make the results more accessible and transferable to stakeholders
and users [20,21].
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