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(Agrawal and Choudhary 2016) and are taking advan-
tage of this revolution due to rapidly declining costs 
of memory and computing power (Mühleisen 2018). 
Big Data and AI work together: the enormous 
amounts of data stored cannot be efficiently accessed 
and utilized without AI, and AI requires enormous 
amounts of data to build learning models (Ferrucci et 
al. 2013).

Earth observation data is most often collected by 
remote sensing (RS), defined here as obtaining infor-
mation about objects without contacting the observed 
objects. “Spectral imaging” is defined here as collect-
ing discrete bands of reflected light in the electromag-
netic spectrum. Spectral imaging of woody plants is 
useful because plant adaptations and reactions to their 
environment are observable and measurable by ana-
lyzing their optical properties in selected appropriate 
wavelengths (Kattenborn and Schmidtlein 2019). 
The most common types of RS data for urban for-
estry are in the visible wavelengths between 400 and 

INTRODUCTION
Artificial Intelligence, Big Data, and 
Remote Sensing Overview
There is a data and computing revolution occurring 
across the modern world (Hey 2010; United Nations 
Data Revolution Group 2014), which is often called 
the Fourth Industrial Revolution (Schwab 2016; 
Ndung’u and Signé 2020) and encompasses artificial 
intelligence (AI) and “Big Data.” AI is a nebulous 
term but generally is defined as actions to make 
machines intelligent and able to learn and plan (Stone 
et al. 2016). Big Data is generally considered to mean 
data sets so large and/or complex that traditional que-
ries and methods of storage are inadequate with tradi-
tional languages and which grow larger at increasing 
rates (IBM Corporation 2020). Rapid advances in AI 
are driving advances in disciplines such as medicine 
(Onukwugha 2016), agriculture (Bronson and Knezevic 
2016; Kamilaris et al. 2017), and engineering 
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MATERIALS AND METHODS
A scoping review was performed of the relevant liter-
ature in the unpiloted aerial systems (UAS), artificial 
intelligence, and remote sensing disciplines to bring 
together a disparate set of systems soon to be import-
ant to the arboricultural disciplines. 

In addition, a scoping review was performed of 
current online analytical and data-compilation plat-
forms, and the trade literature for the arboricultural 
and UAS disciplines. Due to the rapidly changing nature 
of the current technological environment, a thorough 
analysis also was performed of recent past and cur-
rent news articles and press releases for the AI and 
UAS disciplines to get a sense of likely development 
directions in these respective fields. 

A challenging aspect of any review conducted for a 
set of rapidly changing disciplines is choosing what is 
relevant information. Guiding these choices is the 
author’s experience in the field interacting with a dispa-
rate set of partners, from growers, pilots, UAS and sen-
sor manufacturers, researchers, and software developers. 
Working backwards from an assumed endpoint—
what industries and businesses expect to be the most 
likely futures toward which they are striving—is the 
main driver of the methodology of this review. 
Although it is by no means certain, a future where the 
arboricultural disciplines use modern and future tech-
nology to assist in the analysis and typical work of the 
profession is very likely, therefore the aim of this 
paper is to prepare the arboricultural professions for a 
presumed high-tech future. 

RESULTS
What follows is an outline of the findings important 
to the arboricultural disciplines: what types of data 
are or will be relevant in a high-tech future, and how 
they are or will be collected, analyzed, and applied. 
Then discussed will be how management can 
approach the coming disruption in the profession, as 
well as a discussion of how current or future workers 
can prepare themselves for the future. Lastly, a set of 
scenarios illustrate how the results can be applied to 
real-world problems that exist now or likely will exist 
soon. 

Data Collection
Collecting data on urban forests is traditionally per-
formed by visiting a site and physically measuring 
parameters such as species, location, diameter at 
breast height (DBH), and health condition (Gordon 

700 nanometers and in the near-ultraviolet to short-
wave infrared portion of the electromagnetic spectrum 
between 380 and 2,500 nanometers (Jones and 
Vaughan 2010); a more complete description of types 
of RS data is found below. Today, satellites, aircraft, 
unpiloted vehicles, ground-based sensors, and even 
handheld sensors carried in pockets (de With 2020) 
annually collect terabytes of earth observation data 
(Hansen et al. 2013; Hohn et al. 2021). Platforms to 
compile and analyze earth observation data are prolif-
erating (Mauri et al. 2017). Courses on computing 
languages used to operate these platforms are some of 
the most requested in universities and online across 
the world (Dierbach 2014). The urban forestry pro-
fessions can take advantage of RS and the Big Data 
revolution in computing to vastly improve forest 
assessment, monitoring, and management. 

Threats to Urban Forests
Urban forests provide many benefits to humans who 
live, work, and play in their shade (Dwyer et al. 2000; 
McPherson et al. 2016). Nonetheless, urban forest 
canopy cover is decreasing across much of the devel-
oped world due to several current and emerging threats 
(Kaspar et al. 2017; Doick et al. 2020; Nowak and 
Greenfield 2020). Examples of current and emerging 
biotic threats to urban forests include emerald ash 
borer (Agrilus planipennis)(Poland and McCullough 
2006), spotted lanternfly (Lycorma delicatula)(Urban 
2020), and ash dieback (Hymenoscyphus fraxineus)
(Díaz-Yáñez et al. 2020). Abiotic threats include 
anthropogenic climate change (Nowak et al. 2014; 
Ordóñez and Duinker 2014), which is increasing 
urban heat (Akbari et al. 2016) and changing weather 
patterns (Melillo et al. 2014; Masson et al. 2020). 
Densification of the built environment (Chun and 
Guldmann 2018; Næss et al. 2019) may result in both 
tree removal (Martino et al. 2021) and reduced area 
for new large-statured trees (McPherson et al. 2002; 
Haaland and Konijnendijk van den Bosch 2015). An 
emergent phenomenon that could create both signifi-
cant challenge and opportunity is an evolution in 
driverless vehicles, discussed below. 

How can the urban forestry professions take advan-
tage of RS, AI, and Big Data to improve urban forest 
health? This paper will discuss the current capabili-
ties and likely future directions of RS and computing, 
then suggest a technology path forward for the urban 
forestry professions to ensure future generations will 
enjoy the many benefits of urban forests. 

Staley: Modern Urban Forestry for Modern Cities
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and Templeton 2015). Today, these data points require 
collection in the field, then entry of the collected data 
into a centralized database. A street tree inventory for 
a city of 100,000 people may take 4 to 5 weeks using 
a typical crew of 6 people working 40 hours a week, 
depending upon how many parameters are measured 
(TJ Wood, personal communication, 2021 May 4). 

Today, a tremendous amount of urban forest data 
is already being incidentally collected by third-party 
RS platforms (Liu 2015; Mohney 2020). For exam-
ple, traditional large satellites such as the European 
Space Agency’s Sentinel 2 and 3 platforms (Phiri et 
al. 2020), Worldview 3 platform (Ozkan et al. 2020), 
or constellations of small satellites such as “Doves” 
manufactured by Planet Labs (Werner 2019) collect 
RS data at sufficient resolution to be used for some 
urban forestry applications (Alonzo et al. 2013; 
Schlemmer et al. 2013; Segarra et al. 2020; PlanIT 
Geo 2021). Some platforms image a specific area 
several times a week or better, weather permitting 
(Bradshaw 2020). Aircraft can be tasked to fly over 
cities to collect data that can be utilized for urban for-
est assessments, for example, the Denver Regional 
Council of Governments in Colorado, USA (DRCOG 
2018) regularly collects leaf-on and leaf-off data for 
built environment purposes that also contain data 
usable for urban forestry analyses. Google Earth has 
information across much of the developed world at 
sufficient resolution to estimate DBH class, tree genus, 
and location (Berland and Lange 2017). Remotely 
Piloted Aircraft (RPA) are also beginning to collect 
very high-resolution urban forest data (see examples 
in Figures 1 and 2) that researchers are using to begin 
to decipher plant reflectance and identify health and key 
pests (Staley et al. 2019). Much more RPA data will be 
available soon as aviation governing bodies in coun-
tries across the planet approve operations for flying 
RPA over cities and beyond line of sight (Jones 2017). 

A description of the types of data currently rele-
vant at urban forest vegetation scales and how they 
are collected follows:

•	Visible and spectral imagery: These data are 
collected from satellites, aircraft, RPA, and 
ground-mounted sensors such as Google Street 
View vehicles and handheld smartphones. These 
data can be used to determine tree canopy health, 
disease, canopy extent, pest presence, and—
depending on the sensor—tree species (Thenk-
abail et al. 2018). 

•	Thermal data: These data are collected from air-
craft, RPA, and some satellites. These data can 
be used to detect heat islands, plant water stress, 
and indicators of moisture such as irrigation leaks 
(Stankevich et al. 2019).

•	LiDAR data: LiDAR (light detection and rang-
ing) is similar to radar, but utilizes light instead 
of radio waves. These data are collected from 
aircraft, RPA, ground-mounted sensors, hand-
held sensors, and even smartphones (de With 
2020). These data can display high-resolution 3D 
surface and elevation models of canopy, individ-
ual trees, or structures. LiDAR can also assist in 
calculations for wood volume or carbon seques-
tration (Tigges and Lakes 2017).

•	Digital surface models (DSMs): Constructed 
using data and photogrammetry from satellites, 
aircraft, and RPA (Escobar Villanueva et al. 2019). 
These data can depict urban forest and built 
environment structure across scales. DSMs can 
be derived from sources such as visual imagery, 
LiDAR, spectral imagery, or Synthetic Aperture 
Radar mounted on satellites or aerial platforms. 

•	3D models: Derived from photogrammetry or 
other processes using sensors mounted on aerial 
or ground platforms and constructed from visi-
ble, spectral, or LiDAR data using specialized 
software.

•	Traditional environmental monitoring data: Here 
defined as instruments that collect parameters, 
including soil moisture, temperature, and pan 
evaporation. 

If current trends continue, soon a vast amount of 
data for urban forest trees, both public and private, 
will routinely be collected for use in urban forestry and 
curated somewhere for later discovery and analysis.

Data Analysis
Today, most urban forest inventory data are analyzed 
on purpose-built inventory software created by third-
party entities, stored in the software system, and 
accessed via simple queries within the software inter-
face. Where are all the data on urban forests described 
above stored and analyzed?

Discovering, accessing, and analyzing urban forest 
data curated on third-party platforms is not straight-
forward today. Data must be found across a growing 
number of sites. Once data are located, computer lan-
guages such as Python (Bogdanchikov et al. 2013) or 
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(Arlula 2021), and open-source platforms such as 
GitHub (GitHub 2021) and Orfeo (Grizonnet et al. 
2017). Governments may make data collected for 
various purposes available, often for free (Baines et al. 
2020; Galle et al. 2021). Examples of publicly avail-
able urban forest data sets include Denver, Colorado, 
USA (City and County of Denver 2021) and Mel-
bourne, Victoria, Australia (City of Melbourne 2020). 

R (R Foundation 2021) are generally used to query 
the data sets and parameterize output. Accessing some 
data may require paying a fee (Satellite Imaging Cor-
poration 2021). Nonetheless, terabytes of earth obser-
vation data, including urban forest data across scales, 
are available now on platforms such as the European 
Space Agency’s Copernicus platform (ESA 2021), 
Google Earth Engine (Anchang et al. 2020), Arlula 

Staley: Modern Urban Forestry for Modern Cities

Figure 1. Reflectance signals to identify plant health and pests. (A) Use of spectral algorithms derived from reflectance values to deter-
mine overall plant health and compare ground-based inventory (inventory year: 2015), with proprietary health indicators (collection 
year: 2018). Red denotes healthy vegetation. E = Excellent, G = Good, F = Fair, P = Poor. Derived health indicators match well with 
ground-based inventory. Location: Denver, Colorado, USA. (B) Detail of 1A but comparing Quercus rubra with known stress (QURU). 
E = Excellent, G = Good, F = Fair. Spectrally derived health indicators match well with ground-based inventory.
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Collection is finding relevant existing data (“dis-
covery”), and/or physically collecting needed RS 
data. RS data discovered or collected may be from 
any platform and curated in the public or private 
sphere (open-source or fee-based data). 

Analysis requires an understanding of both the 
applicability and relevance of remote sensing out-
puts, such as vegetation indices, LiDAR point clouds, 
Digital Evaluation Models (DEMs), 3D models, and 
digital orthophotos. Applicability and relevance of 
sensor outputs are key considerations for choosing a 
particular sensor for urban forest analysis. Spectral 
imagery can be processed into vegetation indices to 
indicate tree health and help determine canopy extent 
(Jensen et al. 2012; Alonzo et al. 2016), as well as 
attempt to determine genus and species. It is import-
ant to understand that, currently, analysis of spectral 
data using existing commercial agriculture software 
platforms on the internet does not sufficiently analyze 
trees for accurate pest and disease tracking (Staley et 
al. 2019) and requires human intervention using a 
platform such as ENVI (Harris Geospatial Solutions 
Inc. 2021), ArcGIS (ESRI 2009), or QGIS (QGIS 
2021). Choosing data types will be an important anal-
ysis and budget consideration in the future: just 
because data exist, does not mean those data are rele-
vant to a particular analysis (Li et al. 2019). For exam-
ple: dense point clouds of LiDAR data are excellent 
for three-dimensional representations of tree crowns 
(Gülçin and Konijnendijk van den Bosch 2021) but 
currently struggle to resolve parameters such as leaf 
chlorophyll content or presence of pests or disease 
(Fahey et al. 2021). Paying for the right data and anal-
ysis will be an important discussion in many urban 
forests soon. 

Communication, for purposes of this paper, includes 
written, spoken, and digital communication. Exam-
ples of communication types relevant to urban forestry 
include tasks such as explaining to decision makers 
the merits of a project or a proposal, advising third-
party contractors on the validity of an output or con-
clusion, notifying citizens of the findings of a project, 
writing urban forest plans based on RS data and anal-
ysis, asking for money to act on a proposal or analysis, 
explaining to a contractor the scope of project require-
ments and expectations, and answering questions or 
relaying findings to the public via social media and web 
pages. Communication skills and coalition building 
will be even more important in an information-rich 

Collecting or accessing remotely sensed data, ana-
lyzing on software platforms, integrating new infor-
mation into action, and communicating results to users 
and clients will soon be a standard task for the urban 
forestry professions. Urban forestry routinely using RS 
data and acting on it will be an important inflection 
point in the direction and history of urban forestry. 
“Digital urban foresters” collecting, harvesting, curat-
ing, and analyzing data will be a new specialty, because 
current and emergent threats to urban ecosystems—and 
the citizens who depend on urban forests—require 
utilization of all available data in an increasingly 
complex world. Now is the time to begin the transi-
tion to the era of Big Data-driven urban forestry. 

The coming era of urban forest technology can be 
characterized as a “Big Data Urban Forestry” infor-
mation environment. This new era will require new 
ways of organizing some traditional tasks and devel-
oping new tasks arising from the proliferation of data. 

The CACI Model
The CACI model in this paper refers to the process of 
urban forest RS data Collection, Analysis, Commu-
nication, and Implementation. Key to this process is a 
specialized branch of artificial intelligence comput-
ing called machine learning (ML), discussed below. 

Figure 2. Pest detection using spectral reflectance algorithms. 
Proprietary plant health algorithm developed specifically to 
detect emerald ash borer (EAB). Three Fraxinus pennsylvanica 
attacked by EAB and in various stages of early stress are 
denoted by yellow arrows. 1 = best condition and 3 = worst 
condition. In this image, colors are only relevant for Fraxinus: 
blue is healthy foliage, and orange is thinning foliage due to 
EAB attack. At the time of imaging, only crown thinning was 
evident visually, and no other indicators of attack were visible. 
Woodpeckers were found in these trees several months after 
this imaging mission. Location: Boulder, Colorado, USA. 
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on outside contractors to do most of the work will 
require that an organization has project management 
staff who can ensure third parties perform work per 
contracts and that the output makes sense. Balancing 
these two considerations will be an important task for 
urban forest managers and require discipline to keep 
everyone on track. 

Key questions for operations will be how much 
capacity, resources, and competency the organization 
will keep in house versus how much will be acquired 
via third-party contractors. Other questions include: 
Who curates the data? Who handles cybersecurity 
protocols and responsibilities? Who purchases physi-
cal infrastructure such as office space, computers, serv-
ers, data purchase, data security, and software licenses? 
Who writes the technical reports and management 
plans arising from data analysis? Who creates, pres-
ents, and shares the visual representations of data and 
results to the client or the public? These questions 
will be relevant in many organizations in the future. 

Career Paths and Other Opportunities to 
Address Modern Technology Challenges
As the demand for Big Data grows, one can envision 
the existing industry of environment-specific compa-
nies such as those providing field technology services 
for wetland delineation, surveying, construction man-
agement, and engineering expanding their offerings 
to provide urban forestry services (Schewe 2020). 
Similarly, existing analytics and technology-focused 
office firms that are lacking field experience or botan-
ical education may need individuals from the urban 
forestry professions to assist in product development, 
testing, or deployment. Lastly, a market may evolve 
for firms that specifically offer RS and/or Big Data 
services tailored for the urban forestry professions or 
other professions in built or wild landscapes. Organi-
zations may forego investment in maintaining physi-
cal resources and staff and instead decide to contract 
services to provide and curate data, provide analysis, 
and manage software licensing, data security, and 
physical infrastructure for smaller organizations or 
companies. Similarly, a niche may arise for a career 
consultant who bills time by specializing in interpret-
ing data or analyses and writes highly technical data 
reports for diverse environmental clients.

Individuals already in the traditional urban forestry 
professions looking for a change due to age, injury, or 
life event may want to have an option like those 

environment with multiple communication platforms 
used by diverse publics. Communicating effectively 
to many different audiences will soon be an important 
skill in an information-rich world.

Implementation in this paper is defined as action 
resulting from results of analysis. This action results 
in outcomes such as publishing and enforcing a man-
agement plan, requesting for a budget to address find-
ings, submitting a bid encompassing work for a 
Request for Proposal, or issuing work orders. 

Machine learning will be a key component of the 
future CACI process and is a sub-discipline of artifi-
cial intelligence. ML uses data and algorithms to 
make predictions, models, and decisions, without being 
explicitly programmed to make predictions and deci-
sions, then learns and improves with experience (Malone 
et al. 2020). ML is a rapidly growing field, is quickly 
becoming ubiquitous across many fields of human 
endeavor, and includes plant species identification 
applications on smartphones and plant disease identi-
fication algorithms for handheld sensors (Mohanty et 
al. 2016; Buja et al. 2021). 

It is likely at the current pace of ML development 
that within 10 years, ML algorithms will be available 
for many urban forest needs, using data from numer-
ous places to perform both user-based and machine-
based queries and actions, ranging from canopy health 
assessments across scales, to amount and timing of 
irrigation or nutrient delivery in constructed landscapes.

DISCUSSION
Considerations for Management
In the future, organizations, departments, and compa-
nies will need to decide between: (1) hiring digital 
forestry staff to perform most or all of the CACI pro-
cess; (2) hiring third parties to do most or all of the 
CACI process; or (3) some combination of the two. 
These options will require a new set of knowledge 
and skills to ensure a positive outcome from the proj-
ect. Whatever option is chosen, each choice requires 
that digital forestry staff have knowledge of RS and 
data analysis. Option (1) is a cost the organization 
must bear; option (2) is a cost the market will bear; 
for option (3) both bear the costs. 

Hiring a specialized team consisting of staff com-
petent in both plant knowledge and computer science 
may be reserved for only a few of the largest organi-
zations with the budget to fund skilled specialty teams 
and necessary office equipment. Conversely, relying 
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presumption exists for RPA deployment. Cost, legal 
constraints, and privacy are not discussed due to space 
limitations.

Disease Front Progression
With increasing global trade of goods and services, 
the opportunities for tree pests and diseases to be 
introduced and spread is increasing (Roy et al. 2014). 
For example, recent high-profile introduced pests 
such as emerald ash borer and ash dieback threaten to 
eliminate significant fractions of Fraxinus from the 
urban forest canopy on several continents if no con-
trol is found soon. 

Monitoring and managing the movement of urban 
tree pests and disease can be significantly improved 
by collecting and analyzing near-time RS data to 
make intervention decisions that can result in timely 
and responsive actions (Shojanoori and Shafri 2016). 
Current commercial satellite technology does not 
have the resolution to accurately identify individual 
pests and diseases, but airborne piloted and remotely 
piloted aircraft can carry sensor payloads that can 
resolve a small, individual tree’s health. Although it is 
not possible at this time to have a universal vegetation 
index or health index to identify stress or disease 
across species or scales (Thenkabail et al. 2018), the 
early stages of identifying specific pests and disease 
via RS analytics has begun (Näsi et al. 2018; Staley et 
al. 2019). 

Today, tracking disease fronts by collecting near-
time RS data of public and private trees can be per-
formed by contracting piloted or remotely piloted 
aircraft to carry a payload spectral sensor and visual 
camera. Some models of multispectral camera may 
be sufficient for some analyses, depending upon the 
pest and which bands are collected. Hyperspectral 
imagery can indicate tree health and help determine 
canopy extent (Jensen et al. 2012; Alonzo et al. 2016), 
as well as attempt to determine genus and often spe-
cies; several software platforms such as ENVI can 
process hyperspectral data. Large areas require 
piloted aircraft for technological and legal reasons; 
for less than a few square kilometers, RPAs are suffi-
cient. Utilizing geographical information systems (GIS) 
land cover data layers will be necessary to obtain 
property data for accurate location and tracking. 

In the near future, it likely will be possible for con-
stellations of satellites or high-altitude RPAs to image 
the earth’s surface with sufficient resolution to collect 
high-resolution, near-time spectral and visual data on 

discussed above for a new career path in digital urban 
forestry. New blood interested in trees will soon have 
another entry point via technology in addition to the 
traditional labor path. The proliferation of telework 
means that digitally focused urban forestry profes-
sionals may not have to move to continue a career path, 
or they can move and continue their career. Analysis 
work on software platforms can be done from any-
where with a good computer and reliable internet 
connection, and reports can be written anywhere.

Another labor consideration for changes in the 
digital future: development of data collection options 
may soon reduce staff field visits and will create flex-
ible methods to verify conditions on the ground. Not 
only will data collection have more options and be 
faster with the proliferation of devices to collect data, 
but soon people with minimal training will be able to 
visit a site and collect data with a smartphone (Trim-
ble Geospatial 2020; EcoBot Inc. 2021) or handheld 
device (Buja et al. 2021) and upload the data to the 
cloud for inclusion in the CACI process. Consider 
these digital field tasks being performed by staff 
wishing to cut hours, by staff recovering from injury, 
by summer interns, by temporary staff, by staff on 
loan, or by volunteer tree stewardship groups looking 
to expand their services (The Park People 2021). Or 
consider the implications of the current “citizen sci-
entist” trend (Nitoslawski et al. 2019) being directed 
or expanded in multiple productive directions by citi-
zens assisting in RS data collection or validation. 
This sort of flexibility in work allows more people—
new blood—to enter the urban forestry professions. Is 
an organization looking for avenues for inclusion, 
equity, and opportunity? Perhaps one solution is cre-
ating digital urban forestry options to attract people 
who love trees but may not want to start out on the 
ground behind a chipper.

EXAMPLES OF TECHNOLOGY 
APPLICATIONS: FIELD SCENARIOS

How might the technology described above be applied 
in the future? The following scenarios are either famil-
iar situations occurring today that will benefit from 
RS and Big Data in the future, or scenarios that will 
likely occur soon in an information-rich world. These 
scenarios describe use of RS technology and Big 
Data using the CACI process. Some scenarios are 
presumed to require third-party input for all but the 
largest organizations, for example, data collection by 
aircraft is presumed to be by a third-party, but no such 
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Urban forest professionals and managers will use 
these data and analytics outputs to task work crews, 
notify the public of impending conflicts with machin-
ery and property, and use outputs to notify stakeholders, 
decision makers, and citizens of findings, implica-
tions, and plans to address pest and disease impacts 
across multiple communication platforms. 

Climate Change and Urban Tree 
Species Distribution
Climate change has begun to be felt in many cities 
across the planet (Melillo et al. 2014) and is an 
impending and serious challenge for the urban forest 
professions (Roman et al. 2013; Cheng et al. 2021; 
Zhang and Brack 2021). Increasing heat in many areas 
is exacerbated by the urban heat island (UHI)(Parker 
2009; Manoli et al. 2019), addressed in a separate 
scenario below. 

Climate change may severely stress or extirpate 
some tree species not adapted to tolerate high urban 
temperatures (Brandt et al. 2016). Further causes of 
stress include changing precipitation patterns that may 
compound stress in already challenging urban envi-
ronments (Safford et al. 2013; Stagge et al. 2017). In 
the global north, temperature patterns are already shift-
ing northward (Woodall et al. 2010; Daly et al. 2012), 
and as a result, more mobile animal species are mov-
ing north (Beniston 2014), in some places faster than 
plant migration (Parker and Abatzoglou 2016), creat-
ing a phenological mismatch between trees and animals 
(Visser and Both 2005; Both et al. 2009; Scranton and 
Amarasekare 2017) which may affect tree pollination, 
pest pressure (Altermatt 2010; Lehmann et al. 2020), 
and disease life cycles (Kelly and Goulden 2008). 

A significant hurdle for the urban forestry profes-
sions to overcome will be altering urban forest species 
composition to adapt to changing climates. Challenges 
include choosing and testing climate-ready new woody 
plant species, finding test planting sites in already- 
developed cities, and obtaining experimental planting 
stock from regions likely to represent future climate 
(Fitzpatrick and Dunn 2019). Challenges not directly 
related to trees include obtaining budget resources to 
plant out experimental trees while old trees still exist, 
developing methodologies and protocols to monitor 
field experiments, and reporting progress to profes-
sionals, decision makers, and the public. 

Today, collecting RS data can be performed by 
contracting piloted or remotely piloted aircraft to 

urban tree canopy. Piloted aircraft and low-altitude 
RPAs will likely carry sensor payloads that collect 
plant health–specific spectra for targeted data collec-
tion and analyses (Figure 3). ML routines will exist to 
determine RS data collection tasking, taking weather, 
solar angles, and airspace restrictions into account. 
ML plug-ins to software analysis platforms (Agisoft 
2021) will likely be developed to run plant-specific 
sets of algorithms that will take spectral and visual 
data and identify key signatures of pest and disease 
outbreaks within and across urban tree species. Algo-
rithms will also assess an area’s degree days to predict 
insect emergence. ML routines will also likely exist to 
scrape data on cooperating individuals’ smartphone 
applications looking for tree images—these ML rou-
tines will automatically assist in pest and disease 
identification and tracking. 

Figure 3. RPA image resolution and plant health. Proprietary 
early machine learning–derived plant health algorithm at 
neighborhood scale overlaid with visual imagery. Flight level: 
120 m above ground level. The resolution of tree crowns less 
than 1-m diameter is detectable. Location: Denver, Colorado, 
USA.
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in land surfaces, the heat storing properties of build-
ing materials, and waste heat of human activity 
(Akbari et al. 2015; Mohajerani et al. 2017). Urban 
heat disasters are increasing in frequency due to 
urbanization and increasing temperatures from cli-
mate change (Corburn 2009). Now, disaster manage-
ment professionals across the world have plans for 
urban heat events that include urban greening strate-
gies (Wong et al. 2021), because urban forests are 
recognized as an important component of mitigating 
the UHI. Urban heat event disaster management 
plans (hereafter both combined as “UHI plans”) are 
dependent upon urban forest management plans and 
thus are closely aligned with UHI plans.

Today, collecting modern technology data for UHI 
plans is straightforward. Inventory data that comprise 
data that include digitized tree crowns, species, loca-
tion, and condition are an excellent start for UHI 
managers. Having digitized data of empty and avail-
able planting spaces, growth and change over time, 
and species distribution change are important UHI 
plan components as well (Li 2020). At a minimum, 
having medium- to high-resolution visual satellite data 
(Duan et al. 2019) integrated with traditional inven-
tory data is an excellent UHI plan component. Tools 
exist today to extract total canopy cover from satellite 
images (PlanIT Geo 2021). Collecting high-resolution 
spectral data from aircraft or RPAs over multiple 
years can assist urban foresters in predicting future 
urban heat event severity for UHI forecasters by having 
a better mortality model to predict areas of increasing 
heat. Creating good collaboration and sharing net-
works today is essential to the success of UHI plans, 
which are complicated logistically and are for, cur-
rently, rare events.

In the near future, ML algorithms that model can-
opy growth and decline based on plant health—
obtained from spectral and visual data and canopy 
crown extent over time—will be used by UHI man-
agers and forecasters to manage assets and resources 
to prepare for urban heat events. High-resolution 
visual and spectral satellite images used by urban for-
est managers will also be used by UHI managers in 
their short-term plans. New methods of measuring 
temperature (Allen et al. 2018) that benefit urban for-
est managers and UHI plans will produce fine-grained 
data that can be mined by ML algorithms tracking 
microclimates for tree growth (as in the climate 
change scenario above). Simple coordination and 
data sharing by forestry and disaster management 

carry a payload of a spectral sensor and visual cam-
era; collecting spectral data to analyze baseline tree 
health and classify land cover; and visual data for 
mapping and as a visual aid for stakeholders. Utiliz-
ing existing GIS land cover data will be necessary to 
age the inventory and precisely locate sites for test 
planting (Boucher 2016). Google Earth View or 
Street View imagery can be accessed and analyzed 
externally (Meunpong et al. 2019) using basic ML 
algorithms (Li 2020) or analyzed in the Google Earth 
Enterprise (Google Earth Engine 2021) to estimate 
parameters such as DBH class and identify suitable 
planting sites (Li et al. 2015; Boucher 2016; Berland 
and Lange 2017), as well as obtain tree leaf imagery 
to assist in verifying species. An early example of this 
effort is Google Earth Enterprise and AI creating a 
Los Angeles, California, USA Tree Canopy visual-
ization tool in 2020 for public use and engagement 
(Calma 2020). 

In the near future, to analyze tree health and prog-
ress of species tests, ML routines and analytics will 
be available to run preprogrammed sets of algorithms 
to collect appropriate data to assist in the analysis of 
urban forests and climate adaptation. ML routines 
will take any number of data sets and determine tree 
or canopy health without human intervention. ML 
algorithms will access hyper- or multispectral data 
and determine the optimal bands for a particular anal-
ysis to save computing time and reduce errors. ML 
routines will be used in Google Earth Engine that can 
look for any visual tree parameters necessary for 
analysis: DBH, open sites, leaf shapes, flowers, even 
visual health assessment cues. Weather and agricul-
tural data will be mined for trends, as will construc-
tion permits and other sources the ML algorithms 
deem necessary. 

Urban forest professionals and managers will use 
these data and analysis outputs to notify stakeholders, 
decision makers, and citizens of findings, implica-
tions, and plans to remedy climate change impacts. 
New analysis outputs can be used to make compel-
ling visual images to help stakeholders understand 
and act, and savvy communicators will utilize avail-
able communication platforms to disseminate infor-
mation about threats to the urban forest and measures 
being taken to adapt to these threats. 

Urban Heat Island Mitigation
The urban heat island (UHI) is a phenomenon of 
increased heat in urban environments due to changes 
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data collection. To better view near-ground urban 
vegetation, instead of the current method of always 
looking down from above through layers of vegetation 
and urban obstructions, Sideways-Aimed Spectral 
Sensors (SASS) for driverless transport networks will 
be mounted on both fixed infrastructure and selected 
vehicles. SASS devices will produce output in a ver-
tical orientation rather than the typical horizontal 
image. Software analytics must be developed to ana-
lyze vertical imagery at scale—and at extremely high 
resolution—as data will be imaged at a distance of a 
few meters from target vegetation instead of hun-
dreds or thousands of meters above the surface. Com-
bined with data from standard LiDAR and visual 
sensors for driverless vehicle guidance, SASS will 
result in a rich, high-resolution, information-dense 
environment near ground level that very accurately 
assesses urban vegetation near transport corridors. 
Collecting additional data from security sensors, stra-
tegically mounted environmental monitoring sensors, 
and handheld devices will result in a potentially 
immense amount of information. 

Lastly, querying, analyzing, and managing vast 
amounts of varied types of data collected in near-
ground environments will necessitate specially con-
figured, secure, and purpose-built ML algorithms. 
These ML algorithms will sift through terabytes of 
data to analyze, monitor, and notify of any changes in 
near-ground plant environments. These changes will 
not only include plant growth, but sudden changes in 
plant orientation such as damage occurring from 
events such as accidents, vandalism, and weather 
events that can risk safety or signal disruption. 

Other Brief Scenarios for Applied 
Technology Development
Other likely future scenarios for urban forests using 
the CACI model described above include: projects 
requiring the creation of very high-resolution 3D 
spectral and visual modeling of historic trees for pres-
ervation or construction mitigation; calculating annual 
changes in biomass across scales for measurement of 
carbon sequestration by using LiDAR payloads 
mounted on an RPA or an autonomous delivery vehi-
cle; performing construction site monitoring in real or 
near time for permit violations or vegetation stress by 
using a tasked RPA or data from a small satellite 
tasked nearby or during a defined period; collecting 
RS data on tree species, health, pest presence, and 

agencies are easy ways to ensure both interests are 
served. 

Roadside Infrastructure Design for 
Driverless Vehicles 
Driverless vehicles likely will soon be a common fea-
ture of urban transport (Compostella et al. 2020). 
Driverless vehicles are highly connected and require 
active sensory and communication inputs to move 
safely (Ha et al. 2020). Near-ground urban vegetation 
that improves and cools urban environments but 
grows into driverless vehicle communication lines of 
sight has the potential to conflict with transport com-
munication and risk safety; thus, near-ground urban 
vegetation will likely need to be more actively, coop-
eratively, and effectively managed in the future. 
Roadside designs will likely change to accommodate 
driverless deliveries and human transport (Freemark 
et al. 2019), but it is not known at this time whether 
tree cover will be reduced overall with these design 
changes (Chapin et al. 2017).

This scenario anticipates driverless network devel-
opment along the current trajectory at the time of this 
writing. As of this writing, few firm physical urban 
plans have been published to guide design develop-
ment, so it is difficult to anticipate specific opportuni-
ties for design intervention or improvement for this 
scenario, although general statements can be made.

Maintaining connectivity with vehicles and networks 
will be an important factor in driverless transport 
(Association of Metropolitan Planning Organizations 
2019). Vegetation attenuating or disrupting connected 
vehicle communication will be viewed unfavorably, 
but urban greenery will be necessary for city design 
for human comfort, including ameliorating future 
urban heat, so connected networks and vegetation 
must coexist (Rouse et al. 2018). 

Today, it is difficult to develop an autonomous 
transport vegetation management system using exist-
ing hardware and software technology, which does 
not exist at a scale that can perform the needed tasks. 

In the future, both aerial and near-ground fixed and 
mobile spectral sensors will be utilized to assess veg-
etation health, because near-ground vegetation may 
be obscured by trees, infrastructure, and buildings, thus 
near-ground sensors likely will be a necessary com-
ponent for monitoring and management.

There likely will be a future need for a different 
sensor array design than what exists today for RS 
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LiDAR point clouds? Similarly, what are appropriate 
visualizations to depict the new species and changes 
to the urban forest in 50 years, how the neighborhood 
will look with new climate-resilient species, and how 
using RS outputs can assist user understanding? 

Lastly, explaining to the public what all these new 
data and analyses represent and mean for the urban 
forest across scales will be of increasing importance 
and will be a required skill for some urban foresters. 
Clear explanations must lead to calls for action, and 
action requires planning across diverse groups. How 
will digital foresters of the future explain what is hap-
pening or tell the stories of what is needed for the 
urban forest, and what tools can assist them in a Big 
Data world? Urban forestry professionals always 
have been prepared with appropriate data for the time 
and have always had a passion for trees that helps tell 
a compelling story. New data and new stories are nec-
essary. The urban forest professions still have time 
and passion to get ready to lead the way forward, pre-
pared with new digital tools for the trees.

LITERATURE CITED
Agisoft. 2021. Features. St. Petersburg (Russia): Agisoft LLC. 

[Accessed 2021 June 4]. https://www.agisoft.com/features/
professional-edition

Agrawal A, Choudhary A. 2016. Perspective: Materials infor-
matics and big data: Realization of the “fourth paradigm” of 
science in materials science. APL Materials. 4(5):053208. 
https://doi.org/10.1063/1.4946894

Akbari H, Cartalis C, Kolokotsa D, Muscio A, Pisello AL, Rossi F, 
Santamouris M, Synnef A, Wong NH, Zinzi M. 2016. Local 
climate change and urban heat island mitigation techniques—
The state of the art. Journal of Civil Engineering and Manage-
ment. 22(1):1-16. https://doi.org/10.3846/13923730.2016 
.1111934

Allen M, Voogt J, Christen A. 2018. Time-continuous hemi-
spherical urban surface temperatures. Remote Sensing. 
10(1):3. https://doi.org/10.3390/rs10010003

Alonzo M, McFadden JP, Nowak DJ, Roberts DA. 2016. Map-
ping urban forest structure and function using hyperspectral 
imagery and lidar data. Urban Forestry & Urban Greening. 
17:135-147. https://doi.org/10.1016/j.ufug.2016.04.003

Alonzo M, Roth K, Roberts D. 2013. Identifying Santa Barba-
ra’s urban tree species from AVIRIS imagery using canonical 
discriminant analysis. Remote Sensing Letters. 4(5):513-521. 
https://doi.org/10.1080/2150704X.2013.764027

Altermatt F. 2010. Tell me what you eat and I’ll tell you when 
you fly: Diet can predict phenological changes in response to 
climate change. Ecology Letters. 13(12):1475-1484. https://
doi.org/10.1111/j.1461-0248.2010.01534.x

Anchang JY, Prihodko L, Ji W, Kumar SS, Ross CW, Yu Q, 
Lind B, Sarr MA, Diouf AA, Hanan NP. 2020. Toward oper-
ational mapping of woody canopy cover in tropical savannas 

volumetric data by using a smartphone or dashboard 
camera application developed by a graduate student 
in partnership with the computer science department; 
monitoring nutrient or toxicity concentrations of run-
off with potential to harm downstream vegetation 
using a third-party tasked RPA carrying a hyperspec-
tral sensor; monitoring vegetation health in near time 
after pollution events, such as low-level ozone forma-
tion, using a piloted aircraft carrying several sensors; 
assessment of turf compaction in public parks after 
large events using an RPA carrying a spectral sensor 
and a ground-based autonomous vehicle carrying a 
payload designed to sample soil; and monitoring fuel 
load and energy release potential of vegetation in the 
Wildland-Urban Interface by using an array of envi-
ronmental monitors aloft, on the ground, and fixed in 
place. How many more new opportunities to better 
manage urban environments are possible for current 
urban forest professionals, future digital urban forest 
professionals, or those seeking to enter the fields 
through nontraditional avenues? 

CONCLUSION
This paper reviewed the current state of technologies 
in remote sensing and computing relevant for urban 
forestry monitoring and management across scales 
and introduced the CACI model—Collection, Analy-
sis, Communication, Implementation—to place the 
technologies and their application in relevant context 
for urban forestry. Then this paper provided near-future 
scenarios where these concepts could be applied to 
meet urban forestry challenges, offered avenues for 
future career paths related to digital urban forestry, 
and outlined opportunities for needed hardware and 
software development to improve urban forestry mon-
itoring, management, and communication.

Examples of areas of empirical study for emerging 
RS technology and ML in urban forests include fur-
ther refinement on what are relevant spectral data for 
common urban plant species. We do not know how 
quickly urban tree species adapt to climate change, or 
their potential new ranges, or how to best measure 
relevant parameters with emerging RS technology. Is 
there a need to develop new sensors that measure 
thermal data to study species adaptation, stress, or 
effectiveness of plants for building conditioning in 
warming urban microclimates? What are user prefer-
ences for understanding the meaning of RS outputs 
such as 3D models or digital surface models versus 

AUF202203.indd   157AUF202203.indd   157 2/7/22   9:17 AM2/7/22   9:17 AM



©2022 International Society of Arboriculture

158 Staley: Modern Urban Forestry for Modern Cities

Cheng Z, Nitoslawski S, Konijnendijk van den Bosch C, Shep-
pard S, Nesbitt L, Girling C. 2021. Alignment of municipal 
climate change and urban forestry policies: A Canadian perspec-
tive. Environmental Science & Policy. 122:14-24. https://doi 
.org/10.1016/j.envsci.2021.04.005

Chun B, Guldmann JM. 2018. Impact of greening on the urban 
heat island: Seasonal variations and mitigation strategies. 
Computers, Environment and Urban Systems. 71:165-176. 
https://doi.org/10.1016/j.compenvurbsys.2018.05.006

City and County of Denver. 2021. TreeKeeper. [Accessed 2021 
June 5]. Denver (CO, USA): City of Denver. https://denverco 
.treekeepersoftware.com

City of Melbourne. 2020. Explore Melbourne’s Urban Forest. 
Melbourne (Australia): City of Melbourne. [Accessed 2021 
June 4]. http://melbourneurbanforestvisual.com.au

Compostella J, Fulton LM, De Kleine R, Kim HC, Wallington TJ. 
2020. Near- (2020) and long-term (2030–2035) costs of auto-
mated, electrified, and shared mobility in the United States. 
Transport Policy. 85:54-66. https://doi.org/10.1016/j.tranpol 
.2019.10.001

Corburn J. 2009. Cities, climate change and urban heat island mit-
igation: Localising global environmental science. Urban Studies. 
46(2):413-427. https://doi.org/10.1177/0042098008099361

Daly C, Widrlechner MP, Halbleib MD, Smith JI, Gibson WP. 
2012. Development of a new USDA Plant Hardiness Zone 
Map for the United States. Journal of Applied Meteorology 
and Climatology. 51(2):242-264. https://doi.org/10.1175/ 
2010JAMC2536.1

Denver Regional Council of Governments (DRCOG). 2018. 
Denver Regional Aerial Photography Project. Denver (CO, 
USA): DRCOG. [Accessed 2021 June 4]. https://drcog.org/
services-and-resources/data-maps-and-modeling/denver 
-regional-aerial-photography-project

de With S. 2020 April 15. LIDAR: Peek into the Future with 
iPad Pro. LUX. [Accessed 2021 June 11]. https://lux.camera/
lidar-peek-into-the-future-with-ipad-pro

Díaz-Yáñez O, Mola-Yudego B, Timmermann V, Tollefsrud MM, 
Hietala AM, Oliva J. 2020. The invasive forest pathogen 
Hymenoscyphus fraxineus boosts mortality and triggers niche 
replacement of European ash (Fraxinus excelsior). Scientific 
Reports. 10:5310. https://doi.org/10.1038/s41598-020-61990-4

Dierbach C. 2014. Python as a first programming language. 
Journal of Computing Sciences in Colleges. 29(6):153-154.

Doick KJ, Buckland A, Clarke TK. 2020. Historic urban tree 
canopy cover of Great Britain. Forests. 11(10):1049. https://
doi.org/10.3390/f11101049

Duan Q, Tan M, Guo Y, Wang X, Xin L. 2019. Understanding the 
spatial distribution of urban forests in China using Sentinel-2 
images with Google Earth Engine. Forests. 10(9):729. https:// 
doi.org/10.3390/f10090729

Dwyer JF, Nowak DJ, Noble MH, Sisinni SM. 2000. Connecting 
people with ecosystems in the 21st century: An assessment of 
our nation’s urban forests. Portland (OR, USA): USDA Forest 
Service Pacific Northwest Research Station. General Techni-
cal Report PNW-GTR-490. 483 p. https://doi.org/10.2737/
PNW-GTR-490

EcoBot Inc. 2021. Ecobot Wetland Delineation App Homepage. 
[Accessed 2021 June 4]. https://ecobotapp.com

using Google Earth Engine. Frontiers in Environmental Sci-
ence. 8:4. https://doi.org/10.3389/fenvs.2020.00004

Arlula. 2021. Ultimo (NSW, Australia): Arlula Pty Ltd. [Accessed 
2021 August 5]. https://arlula.com

Association of Metropolitan Planning Organizations (AMPO). 
2019. National framework for regional vehicle connectivity 
and automation planning. Washington (DC, USA): AMPO. 
117 p. [Accessed 2021 June 12]. http://www.ampo.org/
wp-content/uploads/2019/04/2019-AMPO-Framework-11.pdf

Baines O, Wilkes P, Disney M. 2020. Quantifying urban forest 
structure with open-access remote sensing data sets. Urban 
Forestry & Urban Greening. 50:126653. https://doi.org/10 
.1016/j.ufug.2020.126653

Beniston M. 2014. European isotherms move northwards by up 
to 15 km year -1: Using climate analogues for awareness-raising.  
International Journal of Climatology. 34(6):1838-1844. 
https://doi.org/10.1002/joc.3804

Berland A, Lange DA. 2017. Google Street View shows promise 
for virtual street tree surveys. Urban Forestry & Urban 
Greening. 21:11-15. https://doi.org/10.1016/j.ufug.2016.11.006

Bogdanchikov A, Zhaparov M, Suliyev R. 2013. Python to learn 
programming. 2013 International Conference on Science & 
Engineering in Mathematics, Chemistry and Physics (ScieTech 
2013); 2013 January 24–25; Jakarta, Indonesia. Journal of 
Physics: Conference Series. 423:012027. https://doi.org/10 
.1088/1742-6596/423/1/012027

Both C, van Asch M, Bijlsma RG, van den Burg AB, Visser ME. 
2009. Climate change and unequal phenological changes across 
four trophic levels: Constraints or adaptations? Journal of 
Animal Ecology. 78(1):73-83. https://doi.org/10.1111/j.1365 
-2656.2008.01458.x

Boucher T. 2016. Using cloud computing to untangle how trees can 
cool cities. Cool Green Science. Arlington County (VA, USA): 
The Nature Conservancy. [Accessed 2021 June 4]. https://
blog.nature.org/science/2016/11/18/using-cloud-computing 
-to-untangle-how-trees-can-cool-cities

Bradshaw T. 2020 June 9. Planet Labs to expand earth imaging 
as rocket-launch costs fall. Financial Times. [Accessed 2021 
June 3]. https://www.ft.com/content/1070bb0e-4899-48b9 
-9321-c4571f74c8ac

Brandt L, Derby Lewis A, Fahey R, Scott L, Darling L, Swan-
ston C. 2016. A framework for adapting urban forests to cli-
mate change. Environmental Science & Policy. 66:393-402. 
https://doi.org/10.1016/j.envsci.2016.06.005

Bronson K, Knezevic I. 2016. Big Data in food and agriculture. 
Big Data & Society. 3(1):1-5. https://doi.org/10.1177/ 
2053951716648174

Buja I, Sabella E, Monteduro AG, Chiriacò MS, De Bellis L, 
Luvisi A, Maruccio G. 2021. Advances in plant disease 
detection and monitoring: From traditional assays to in-field 
diagnostics. Sensors. 21(6):2129. https://doi.org/10.3390/
s21062129

Calma J. 2020. Google launches new tool to help cities stay cool. 
The Verge. [Accessed 2021 May 28]. https://www.theverge 
.com/2020/11/18/21573081/google-new-tool-hot-cities-trees 
-climate-change-temperature

Chapin T, Stevens L, Crute J. 2017. Here come the robot cars. 
Planning. 83(4):15-21.

AUF202203.indd   158AUF202203.indd   158 2/7/22   9:17 AM2/7/22   9:17 AM



©2022 International Society of Arboriculture

Arboriculture & Urban Forestry 48(2): March 2022 159

densification: A review. Urban Forestry & Urban Greening. 
14(4):760-771. https://doi.org/10.1016/j.ufug.2015.07.009

Hansen MC, Potapov PV, Moore R, Hancher M, Turubanova SA, 
Tyukavina A, Thau D, Stehman SV, Goetz SJ, Loveland TR, 
Kommareddy A, Egorov A, Chini L, Justice CO, Townshend 
JRG. 2013. High-resolution global maps of 21st-century forest 
cover change. Science. 342(6160):850-853. https://doi.org/ 
10.1126/science.1244693

Harris Geospatial Solutions Inc. 2021. ENVI Homepage. Broom-
field (CO, USA): L3Harris. [Accessed 2021 June 1]. https://
www.l3harrisgeospatial.com/Software-Technology/ENVI

Hey T. 2010. The big idea: The next scientific revolution. Harvard 
Business Review. 88(11):56-63. https://hbr.org/2010/11/the-big 
-idea-the-next-scientific-revolution

Hohn N, Fleming O, Zhang R. 2021. This AI technique could use 
a digital version of Earth to help fight climate change. New 
York (NY, USA): World Economic Forum. [Accessed 2021 
June 4]. https://www.weforum.org/agenda/2021/06/could-the 
-combo-of-a-digital-twin-and-reinforcement-learning-tackle 
-climate-change

IBM Corporation. 2020. IBM + Cloudera. Armonk (NY, USA): 
IBM Corporation. 12 p. [Accessed 2021 August 2]. https://
www.ibm.com/downloads/cas/EV7V0MGB 

Jensen RR, Hardin PJ, Hardin AJ. 2012. Classification of urban tree 
species using hyperspectral imagery. Geocarto International. 
27(5):443-458. https://doi.org/10.1080/10106049.2011.638989

Jones HG, Vaughan RA. 2010. Remote sensing of vegetation: 
Principles, techniques, and applications. Oxford (UK): 
Oxford University Press. 384 p.

Jones TM. 2017. International commercial drone regulation and 
drone delivery services. Santa Monica (CA, USA): RAND 
Corporation. [Accessed 2021 June 12]. https://www.rand.org/ 
pubs/research_reports/RR1718z3.html

Kamilaris A, Kartakoullis A, Prenafeta-Boldú FX. 2017. A 
review on the practice of big data analysis in agriculture. 
Computers and Electronics in Agriculture. 143:23-37. 
https://doi.org/10.1016/j.compag.2017.09.037

Kaspar J, Kendal D, Sore R, Livesley SJ. 2017. Random point 
sampling to detect gain and loss in tree canopy cover in 
response to urban densification. Urban Forestry & Urban 
Greening. 24:26-34. https://doi.org/10.1016/j.ufug.2017.03.013

Kattenborn T, Schmidtlein S. 2019. Radiative transfer modelling 
reveals why canopy reflectance follows function. Scientific 
Reports. 9:6541. https://doi.org/10.1038/s41598-019-43011-1

Kelly AE, Goulden ML. 2008. Rapid shifts in plant distribution 
with recent climate change. Proceedings of the National 
Academy of Sciences. 105(33):11823-11826. https://doi.org/10 
.1073/pnas.0802891105

Lehmann P, Ammunét T, Barton M, Battisti A, Eigenbrode SD, 
Jepsen JU, Kalinkat G, Neuvonen S, Niemelä P, Terblanche 
JS, Økland B, Björkman C. 2020. Complex responses of 
global insect pests to climate warming. Frontiers in Ecology 
and the Environment. 18(3):141-150. https://doi.org/10.1002/
fee.2160

Li X. 2020. Examining the spatial distribution and temporal change 
of the green view index in New York City using Google Street 
View images and deep learning. Environment and Planning 

Environmental Systems Research Institute (ESRI). 2009. Singa-
pore manages urban forests using GIS. Redlands (CA, USA): 
ESRI. [Accessed 2021 June 11]. https://www.esri.com/news/
arcnews/spring09articles/isstate-manages.html

Escobar Villanueva JR, Iglesias Martínez L, Pérez Montiel JI. 
2019. DEM generation from fixed-wing UAV imaging and 
LiDAR-derived ground control points for flood estimations. 
Sensors. 19(14):3205. https://doi.org/10.3390/s19143205

European Space Agency (ESA). 2021. The Copernicus Open 
Access Hub. Paris (France): ESA. [Accessed 2021 June 11]. 
https://scihub.copernicus.eu

Fahey T, Pham H, Gardi A, Sabatini R, Stefanelli D, Goodwin I, 
Lamb DW. 2021. Active and passive electro-optical sensors 
for health assessment in food crops. Sensors. 21(1):171. 
https://doi.org/10.3390/s21010171

Ferrucci D, Levas A, Bagchi S, Gondek D, Mueller E. 2013. 
Watson: Beyond Jeopardy! Artificial Intelligence. 199-200: 
93-105. https://doi.org/10.1016/j.artint.2012.06.009

Fitzpatrick MC, Dunn RR. 2019. Contemporary climatic analogs 
for 540 North American urban areas in the late 21st century. 
Nature Communications. 10:614. https://doi.org/10.1038/
s41467-019-08540-3

Freemark Y, Hudson A, Zhao J. 2019. Are cities prepared for 
autonomous vehicles? Journal of the American Planning 
Association. 85(2):133-151. https://doi.org/10.1080/01944363 
.2019.1603760

Galle NJ, Halpern D, Nitoslawski S, Duarte F, Ratti C, Pilla F. 
2021. Mapping the diversity of street tree inventories across 
eight cities internationally using open data. Urban Forestry & 
Urban Greening. 61:127099. https://doi.org/10.1016/j.ufug 
.2021.127099

GitHub. 2021. Physical Oceanography Distributed Active 
Archive Center for ECCO resources. [Accessed 2021 June 
10]. https://github.com/podaac/ECCO

Google Earth Engine. 2021. Forest Cover and Loss Estimation. 
[Updated 2021 July 19; Accessed 2021 June 11]. https://
developers.google.com/earth-engine/tutorials/community/
forest-cover-loss-estimation

Gordon J, Templeton B. 2015. A step-by-step guide to taking 
urban forest inventory measurements. Starkville (MS, USA): 
Mississippi State University Extension Service. Publication 
2882. 24 p. [Accessed 2021 June 2]. https://extension.msstate 
.edu/sites/default/files/publications/publications/p2882.pdf

Grizonnet M, Michel J, Poughon V, Inglada J, Savinaud M, 
Cresson R. 2017. Orfeo ToolBox: Open source processing of 
remote sensing images. Open Geospatial Data, Software and 
Standards. 2:15. [Accessed 2021 June 11]. https://doi.org/10 
.1186/s40965-017-0031-6

Gülçin D, Konijnendijk van den Bosch CC. 2021. Assessment 
of above-ground carbon storage by urban trees using LiDAR 
data: The case of a university campus. Forests. 12(1):62. 
https://doi.org/10.3390/f12010062

Ha P, Chen S, Du R, Dong J, Li Y, Labi S. 2020. Vehicle con-
nectivity and automation: A sibling relationship. Frontiers in 
Built Environment. 6:590036. https://doi.org/10.3389/fbuil 
.2020.590036

Haaland C, Konijnendijk van den Bosch C. 2015. Challenges and 
strategies for urban green-space planning in cities undergoing 

AUF202203.indd   159AUF202203.indd   159 2/7/22   9:17 AM2/7/22   9:17 AM



©2022 International Society of Arboriculture

160 Staley: Modern Urban Forestry for Modern Cities

Mohanty SP, Hughes DP, Salathé M. 2016. Using deep learning 
for image-based plant disease detection. Frontiers in Plant 
Science. 7:1419. https://doi.org/10.3389/fpls.2016.01419

Mohney D. 2020. Terabytes from space: Satellite imaging is fill-
ing data centers. Data Center Frontier. [Accessed 2021 June 1]. 
https://datacenterfrontier.com/terabytes-from-space-satellite 
-imaging-is-filling-data-centers 

Mühleisen M. 2018. The long and short of the digital revolution. 
Finance & Development. 55(2):4-8.

Næss P, Saglie IL, Richardson T. 2019. Urban sustainability: Is 
densification sufficient? European Planning Studies. 28(1):146-
165. https://doi.org/10.1080/09654313.2019.1604633

Näsi R, Honkavaara E, Blomqvist M, Lyytikäinen-Saarenmaa P, 
Hakala T, Viljanen N, Kantola T, Holopainen M. 2018. 
Remote sensing of bark beetle damage in urban forests at 
individual tree level using a novel hyperspectral camera from 
UAV and aircraft. Urban Forestry & Urban Greening. 30:72-83. 
https://doi.org/10.1016/j.ufug.2018.01.010

Ndung’u N, Signé L. 2020. The Fourth Industrial Revolution and 
digitization will transform Africa into a global powerhouse. 
In: Foresight Africa: Top priorities for the continent 2020–
2030. Washington (DC, USA): Brookings Institution, Africa 
Growth Initiative. p. 61-66. [Accessed 2021 June 4]. https://
www.brookings.edu/multi-chapter-report/foresight-africa-top 
-priorities-for-the-continent-in-2020

Nitoslawski SA, Galle NJ, Konijnendijk van den Bosch C, 
Steenberg JWN. 2019. Smarter ecosystems for smarter cities? 
A review of trends, technologies, and turning points for smart 
urban forestry. Sustainable Cities and Society. 51:101770. 
https://doi.org/10.1016/j.scs.2019.101770

Nowak DJ, Greenfield EJ. 2020. The increase of impervious 
cover and decrease of tree cover within urban areas globally 
(2012–2017). Urban Forestry & Urban Greening. 49:126638. 
https://doi.org/10.1016/j.ufug.2020.126638

Nowak DJ, Hirabayashi S, Bodine A, Greenfield E. 2014. Tree 
and forest effects on air quality and human health in the United 
States. Environmental Pollution. 193:119-129. https://doi.org/ 
10.1016/j.envpol.2014.05.028

Onukwugha E. 2016. Big data and its role in health economics 
and outcomes research: A collection of perspectives on data 
sources, measurement, and analysis. PharmacoEconomics. 
34:91-93. https://doi.org/10.1007/s40273-015-0378-4

Ordóñez C, Duinker PN. 2014. Assessing the vulnerability of 
urban forests to climate change. Environmental Reviews. 
22(3):311-321. https://doi.org/10.1139/er-2013-0078

Ozkan UY, Demirel T, Ozdemir I, Saglam S, Mert A. 2020. 
Examining LiDAR—WorldView-3 data synergy to generate 
a detailed stand map in a mixed forest in the north-west of 
Turkey. Advances in Space Research. 65(11):2608-2621. 
https://doi.org/10.1016/j.asr.2020.02.020

Parker DE. 2009. Urban heat island effects on estimates of 
observed climate change. WIREs Climate Change. 1(1):123-
133. https://doi.org/10.1002/wcc.21

Parker LE, Abatzoglou JT. 2016. Projected changes in cold har-
diness zones and suitable overwinter ranges of perennial 
crops over the United States. Environmental Research Letters. 
11(3):034001. https://doi.org/10.1088/1748-9326/11/3/034001

B: Urban Analytics and City Science. 48(7):2039-2054. 
https://doi.org/10.1177/2399808320962511

Li X, Chen WY, Sanesi G, Lafortezza R. 2019. Remote sensing 
in urban forestry: Recent applications and future directions. 
Remote Sensing. 11(10):1144. https://doi.org/10.3390/
rs11101144

Li X, Zhang C, Li W, Ricard R, Meng Q, Zhang W. 2015. 
Assessing street-level urban greenery using Google Street 
View and a modified green view index. Urban Forestry & 
Urban Greening. 14(3):675-685. https://doi.org/10.1016/j 
.ufug.2015.06.006

Liu P. 2015. A survey of remote-sensing big data. Frontiers in 
Environmental Science. 3:45. https://doi.org/10.3389/fenvs 
.2015.00045

Malone TW, Rus D, Laubacher R. 2020. Artificial intelligence 
and the future of work. Cambridge (MA, USA): Massachusetts 
Institute of Technology. MIT Work of the Future Research 
Brief RB17-2020. 39 p. [Accessed 2021 June 4]. https:// 
workofthefuture.mit.edu/wp-content/uploads/2020/12/2020 
-Research-Brief-Malone-Rus-Laubacher2.pdf

Manoli G, Fatichi S, Schläpfer M, Yu K, Crowther TW, Meili N, 
Burlando P, Katul GG, Bou-Zeid E. 2019. Magnitude of urban 
heat islands largely explained by climate and population. Nature. 
573:55-60. https://doi.org/10.1038/s41586-019-1512-9

Martino N, Girling C, Lu Y. 2021. Urban form and livability: 
Socioeconomic and built environment indicators. Buildings 
and Cities. 2(1):220-243. http://doi.org/10.5334/bc.82

Masson V, Lemonsu A, Hidalgo J, Voogt J. 2020. Urban climates 
and climate change. Annual Review of Environment and 
Resources. 45:411-444. https://doi.org/10.1146/annurev 
-environ-012320-083623

Mauri A, Strona G, San-Miguel-Ayanz J. 2017. EU-Forest, a 
high-resolution tree occurrence dataset for Europe. Scientific 
Data. 4:160123. https://doi.org/10.1038/sdata.2016.123

McPherson EG, Maco SE, Simpson JR, Peper PJ, Xiao Q, 
VanDerZanden AM, Bell N. 2002. Western Washington and 
Oregon community tree guide: Benefits, costs, and strategic 
planting. Silverton (OR, USA): International Society of 
Arboriculture, Pacific Northwest Chapter. 84 p. 

McPherson EG, van Doorn N, de Goede J. 2016. Structure, 
function and value of street trees in California, USA. Urban 
Forestry & Urban Greening. 17:104-115. https://doi.org/10 
.1016/j.ufug.2016.03.013

Melillo JM, Richmond TC, Yohe GW. 2014. Climate Change 
Impacts in the United States: The Third National Climate 
Assessment. Washington (DC, USA): US Global Change 
Research Program. 841 p. [Accessed 2021 June 2]. https://doi 
.org/10.7930/J0Z31WJ2

Meunpong P, Buathong S, Kaewgrajang T. 2019. Google Street 
View virtual survey and in-person field surveys: An exploratory 
comparison of urban tree risk assessment. Arboricultural 
Journal. 41(4):226-236. https://doi.org/10.1080/03071375 
.2019.1643187

Mohajerani A, Bakaric J, Jeffrey-Bailey T. 2017. The urban heat 
island effect, its causes, and mitigation, with reference to the 
thermal properties of asphalt concrete. Journal of Environmental 
Management. 197:522-538. https://doi.org/10.1016/j.jenvman 
.2017.03.095

AUF202203.indd   160AUF202203.indd   160 2/7/22   9:17 AM2/7/22   9:17 AM



©2022 International Society of Arboriculture

Arboriculture & Urban Forestry 48(2): March 2022 161

of Sciences. 114(50):13212-13217. https://doi.org/10.1073/
pnas.1711221114

Segarra J, Buchaillot ML, Araus JL, Kefauver SC. 2020. Remote 
sensing for precision agriculture: Sentinel-2 improved features 
and applications. Agronomy. 10(5):641. https://doi.org/10.3390/ 
agronomy10050641

Shojanoori R, Shafri H. 2016. Review on the use of remote sens-
ing for urban forest monitoring. Arboriculture & Urban For-
estry. 42(6):400-417. https://doi.org/10.48044/jauf.2016.034

Stagge JH, Kingston DG, Tallaksen LM, Hannah DM. 2017. 
Observed drought indices show increasing divergence across 
Europe. Scientific Reports. 7:14045. https://doi.org/10.1038/
s41598-017-14283-2

Staley DC, Haynie T, Anderson L. 2019 March 20. Final report: 
Spectral data analysis and applications for the urban forest of 
the city and county of Denver for the field season of 2018. 
Carmel (CA, USA): Arbor Drone LLC. https://arbordrone.net/ 
s/Denver-EAB18-Final-Report-with-Appendices-WEB.pdf

Stankevich SA, Lubskyi MS, Forgac A. 2019. Thermal infrared 
satellite imagery resolution enhancement with fuzzy logic 
bandpass filtering. 2019 International Conference on Infor-
mation and Digital Technologies (IDT); 2019 June 25–27; 
Zilina, Slovakia. Piscataway (NJ, USA): Institute of Electri-
cal and Electronics Engineers. p. 428-432. https://doi.org/10 
.1109/DT.2019.8813438

Stone P, Brooks R, Brynjolfsson E, Calo R, Etzioni O, Hager G, 
Hirschberg J, Kalyanakrishnan S, Kamar E, Kraus S, Leyton- 
Brown K, Parkes D, Press W, Saxenian A, Shah J, Tambe M, 
Teller A. 2016. Artificial intelligence and life in 2030. One 
hundred year study on artificial intelligence: Report of the 
2015-2016 study panel. Stanford (CA, USA): Stanford Uni-
versity. [Accessed 2021 August 2]. http://ai100.stanford.edu/ 
2016-report 

Thenkabail PS, Lyon JG, Huete A. 2018. Hyperspectral indices 
and image classifications for agriculture and vegetation. Boca 
Raton (FL, USA): CRC Press. 332 p. https://doi.org/10.1201/ 
9781315159331

The Park People. 2021. What We Do. Denver (CO, USA): The 
Park People. [Accessed 2021 June 4]. https://theparkpeople 
.org/What-We-Do/Intro

Tigges J, Lakes T. 2017. High resolution remote sensing for 
reducing uncertainties in urban forest carbon offset life cycle 
assessments. Carbon Balance and Management. 12:17. 
https://doi.org/10.1186/s13021-017-0085-x

Trimble Geospatial. 2020. Ecobot’s wetland delineation app 
gains speed with Trimble’s mapping & GIS partner program. 
Sunnyvale (CA, USA): Trimble, Inc. [Accessed 2021 June 4]. 
https://geospatial.trimble.com/blog/ecobots-wetland-delineation 
-app-gains-speed-trimbles-mapping-gis-partner-program

United Nations Data Revolution Group. 2014. A world that counts: 
Mobilising the data revolution for sustainable development. 
Independent Expert Advisory Group Secretariat. [Accessed 
2021 June 4]. https://www.undatarevolution.org/wp-content/
uploads/2014/11/A-World-That-Counts.pdf

Urban JM. 2020. Perspective: Shedding light on spotted lanternfly 
impacts in the USA. Pest Management Science. 76(1):10-17. 
https://doi.org/10.1002/ps.5619

Phiri D, Simwanda M, Salekin S, Nyirenda V, Murayama Y, 
Ranagalage M. 2020. Sentinel-2 data for land cover/use 
mapping: A review. Remote Sensing. 12(14):2291. https://
doi.org/10.3390/rs12142291

PlanIT Geo. 2021. Treeplotter™ Canopy Software. Arvada (CO, 
USA): PlanIT Geo. [Accessed 2021 June 9]. https://planitgeo 
.com/treeplotter-canopy

Poland T, McCullough D. 2006. Emerald ash borer: Invasion of 
the urban forest and the threat to North America’s ash resource. 
Journal of Forestry. 104(3):118-124. https://doi.org/10.1093/
jof/104.3.118

QGIS. 2021. QGIS: A Free and Open Source Geographic Infor-
mation System. [Accessed 2021 June 11]. https://www.qgis 
.org/en/site

R Foundation. 2021. What is R? [Accessed 2021 June 11]. 
https://www.r-project.org/about.html

Roman LA, McPherson EG, Scharenbroch BC, Bartens J. 2013. 
Identifying common practices and challenges for local urban 
tree monitoring programs across the United States. Arboricul-
ture & Urban Forestry. 39(6):292-299. https://doi.org/10.48044/ 
jauf.2013.038

Rouse DC, Henaghan J, Coyner K, Nisenson L, Jordan J. 2018. 
Preparing communities for autonomous vehicles. Chicago 
(IL, USA): American Planning Association. 44 p. [Accessed 
2021 May 29]. https://planning-org-uploaded-media.s3 
.amazonaws.com/document/Autonomous-Vehicles-Symposium 
-Report.pdf

Roy BA, Alexander HM, Davidson J, Campbell FT, Burdon JJ, 
Sniezko R, Brasier C. 2014. Increasing forest loss worldwide 
from invasive pests requires new trade regulations. Frontiers 
in Ecology and the Environment. 12(8):457-465. https://doi 
.org/10.1890/130240

Safford H, Larry E, McPherson EG, Nowak DJ, Westphal LM. 
2013. Urban forests and climate change. Washington (DC, 
USA): USDA Forest Service, Climate Change Resource Center. 
[Accessed 2021 May 31]. www.fs.usda.gov/ccrc/topics/
urban-forests

Satellite Imaging Corporation. 2021. Satellite Images for Envi-
ronmental Monitoring. Houston (TX, USA): Satellite Imag-
ing Corporation. [Accessed 2021 June 3]. https://www 
.satimagingcorp.com/applications/environmental-impact-studies

Schewe J. 2020. Unwomanned systems in wetland delineations. 
Civil + Structural Engineer. 6:12. [Accessed 2021 June 11]. 
https://csengineermag.com/unwomanned-systems-in-wetland 
-delineations

Schlemmer M, Gitelson A, Schepers J, Ferguson R, Peng Y, 
Shanahan J, Rundquist D. 2013. Remote estimation of nitro-
gen and chlorophyll contents in maize at leaf and canopy 
levels. International Journal of Applied Earth Observation 
and Geoinformation. 25:47-54. https://doi.org/10.1016/j 
.jag.2013.04.003

Schwab K. 2016. The Fourth Industrial Revolution: What it means, 
how to respond. New York (NY, USA): World Economic 
Forum. [Accessed 2021 June 4]. https://www.weforum.org/
agenda/2016/01/the-fourth-industrial-revolution-what-it-means 
-and-how-to-respond

Scranton K, Amarasekare P. 2017. Predicting phenological shifts 
in a changing climate. Proceedings of the National Academy 

AUF202203.indd   161AUF202203.indd   161 2/7/22   9:17 AM2/7/22   9:17 AM



©2022 International Society of Arboriculture

162 Staley: Modern Urban Forestry for Modern Cities

émergentes afin de continuer à fournir les bénéfices de la forêt 
urbaine aux résidents de la canopée. Les systèmes actuels de télé-
détection, le paradigme des données massives et les plateformes 
de collecte et d’analyse sont examinés et des scénarios pertinents 
sont proposés afin de générer un aperçu de la gestion des forêts 
dans une perspective rajeunie en utilisant le matériel et les logi-
ciels de télédétection. Conclusions: Les villes modernes vont 
nécessiter une gestion de la foresterie urbaine qui soit numérique 
et moderne et les professionnels actuels et futurs doivent être en 
mesure d’avoir accès et d’utiliser la technologie, les capteurs et 
les données massives afin d’effectuer efficacement les tâches de 
gestion de la végétation et de communication. Cet article détaille 
le cadre d’une nouvelle ère de gestion moderne des forêts 
urbaines dans des villes hautement connectées et résilientes.

Zusammenfassung. Hintergrund: Mit der zunehmenden Ver-
städterung der Bevölkerung nimmt die Ausdehnung der städti-
schen Wälder in vielen Gebieten ab, was auf verschiedene 
Ursachen zurückzuführen ist, darunter neue Schädlinge und 
Krankheiten, der Klimawandel und eine veränderte Landnut-
zung. Methoden: Es wurde ein Überblick über die Fernerkun-
dungs-, Computer- und Umweltliteratur erstellt, um einen 
Überblick über die aktuellen technologischen Möglichkeiten zu 
geben und eine Agenda für eine moderne Herangehensweise an 
die Herausforderungen der städtischen Forstwirtschaft aufzustel-
len. Außerdem wurde untersucht, wie heutige und künftige Fach-
leute auf die Erfassung und Analyse von “Big Data” vorbereitet 
werden können, wie die Ergebnisse umgesetzt werden können 
und welche Kommunikationsfähigkeiten in einer modernen Welt 
erforderlich sind, um belastbare städtische Wälder in einer ver-
netzten Zukunft zu schaffen. Ergebnisse: Dieses Papier skizziert 
eine Agenda dafür, wie die Berufsgruppe der städtischen Forst-
wirtschaft aufkommende Störungen erkennen, analysieren und 
bewältigen kann, um den Bewohnern in ihrem Umfeld weiterhin 
die Vorteile des städtischen Waldes bieten zu können. Es werden 
aktuelle Fernerkundungssysteme, das Paradigma von Big Data 
sowie Erfassungs- und Analyseplattformen diskutiert und rele-
vante Szenarien vorgestellt, die einen Einblick in die Bewirt-
schaftung von Wäldern mit einer verjüngten Perspektive unter 
Verwendung von Fernerkundungshardware und -software 
ermöglichen. Schlussfolgerungen: Moderne Städte erfordern ein 
modernes digitales urbanes Forstmanagement, und heutige und 
künftige Fachleute müssen in der Lage sein, auf Technologie, 
Sensoren und Big Data zuzugreifen und diese zu nutzen, um 
Vegetationsmanagement- und Kommunikationsaufgaben effek-
tiv durchzuführen. Dieser Artikel beschreibt den Rahmen für eine 
neue Ära des modernen städtischen Forstmanagements in hoch-
gradig vernetzten, widerstandsfähigen Städten.

Resumen. Antecedentes: A medida que las poblaciones humanas 
se urbanizan, los bosques urbanos en muchas áreas están dis-
minuyendo en extensión del dosel debido a las interrupciones en 
varios frentes, incluidas las nuevas plagas y enfermedades, el 
cambio climático y los cambios en los usos de la tierra. Métodos: 
Se realizó una revisión de la literatura de teledetección, com-
putación y medio ambiente para proporcionar una visión general 
de las capacidades tecnológicas actuales y detallar una agenda 
para un enfoque moderno de los desafíos de la silvicultura urbana. 
También se revisó cómo preparar a los profesionales actuales y 
futuros para recopilar y analizar “Big Data”, cómo implementar 
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Résumé. Contexte: À mesure que les populations humaines s’ur-
banisent, la canopée des forêts urbaines diminue dans de nom-
breuses régions en raison de multiples perturbations, notamment 
les nouveaux ravageurs et maladies, les changements climatiques 
et les modifications d’affectation des sols. Méthodes: Une revue 
de littérature sur la télédétection, l’informatique et l’environne-
ment a été réalisée afin de produire un aperçu des capacités tech-
nologiques actuelles et d’élaborer un programme pour une 
approche moderne des enjeux de la foresterie urbaine. Les parti-
cipants ont également passé en revue la manière de préparer les 
professionnels actuels et futurs à rassembler et à analyser les 
“données massives,” la manière d’appliquer les résultats et 
l’identification des compétences nécessaires en communication 
dans un monde moderne afin d’assurer la résilience des forêts 
urbaines dans un avenir branché. Résultats: Ce document définit 
un programme sur la manière dont les professionnels de la fores-
terie urbaine peuvent identifier, analyser et gérer les perturbations 
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comprensión de la gestión de los bosques con una perspectiva 
rejuvenecida utilizando hardware y software de teledetección. 
Conclusiones: Las ciudades modernas requerirán una gestión for-
estal urbana digital moderna y los profesionales actuales y futuros 
deben poder acceder y utilizar tecnología, sensores y Big Data 
para realizar de manera efectiva tareas de gestión de la vegetación 
y comunicación. Este documento detalla el marco para una nueva 
era de gestión forestal urbana moderna en ciudades altamente 
conectadas y resilientes.

resultados y qué habilidades de comunicación se necesitan en un 
mundo moderno para proporcionar bosques urbanos resilientes 
conectado en el futuro. Resultados: Este documento describe una 
agenda sobre cómo los profesionales forestales urbanos pueden 
identificar, analizar y manejar las interrupciones emergentes para 
continuar brindando beneficios forestales urbanos a los residentes 
en su sombra. Se discuten los sistemas actuales de teledetección, 
el paradigma de Big Data y las plataformas de recopilación y 
análisis y se proporcionan escenarios relevantes para guiar la 
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