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EXECUTIVE SUMMARY

Today, artificial intelligence (AI) is altering the human experience, causing profound social, economic, and technical 
changes that touch all of us. The convergence of very large datasets and the capabilities to analyze them represent a poten-
tially transformative period for the planning profession. 

Now is the time for planners to examine the responsible 
deployment of AI to maximize its benefits and reduce its 
drawbacks, particularly in the face of its existing uncertain-
ties. Having general knowledge of what AI is and how it 
operates, as well as understanding the most important prac-
tical and ethical aspects surrounding its use, is essential to 
implementing AI in ways that best serve planning practice.

AI holds the potential to automate repetitive, labor-in-
tensive tasks in urban planning, allowing for more efficient 
decision-making in the planning process and freeing up 
planners’ time to focus on higher-value work. However, 
not all facets of planning are suitable for AI applications. 
To identify opportunities for improvement, planners will 
need to assess their procedures against AI capabilities and 
determine the necessary steps to implement changes. As AI 
continues to advance, its use in urban planning is expected 
to expand, creating a need for awareness and knowledge 
among planning practitioners, researchers, and educators.

This PAS Report introduces planners to basic AI meth-
ods and concepts, and it provides current examples of how 
AI is already being used to augment planning activities. It 
seeks to provide the information planners need to begin 
recognizing how AI methods might fit planning tasks that 
they are working on. Planners may not be responsible for 
building AI solutions, but if they understand the general 
framework and the language of AI, they can better commu-
nicate with application developers and data scientists. 

AI TOOLS IN PRACTICE

This PAS Report focuses on four primary application areas 
of AI. In machine learning (ML), machines (i.e., computers) 

detect and “learn” patterns, and then use this information 
as part of decision-making processes. ML is used to enable 
functions such as sentiment analysis, which examines text to 
determine the attitude that it conveys (e.g., positive, nega-
tive, or neutral); spam detection, in which algorithms learn 
to categorize email messages as valid or spam and filter out 
the latter; recommendation systems, which use a consumer’s 
prior purchases, actions, or characteristics to anticipate 
additional products the consumer “may also like”; and pre-
dictive maintenance and anomaly detection, which predicts 
the likelihood that machinery will break down, determines 
maintenance scheduling, and monitors and identifies equip-
ment problems in real time.

Artificial neural networks (NNs) are computerized 
systems based on how the brain processes information that 
can form connections between two items and learn to cor-
relate them with one another to make predictions. NNs are 
used in speech recognition, which translates spoken words 
into text for virtual assistants and live captioning, and 
general pattern recognition, used extensively in fields such as 
biology, psychology, health, and marketing.

Natural language processing (NLP) comprises com-
puter methods that analyze human language, text, or verbal 
communication to derive meaning. NLP systems analyze 
the ideas conveyed by words, and they can also correct 
grammar, convert recorded speech to text, and translate 
between languages. NLP combined with ML is used to oper-
ate AI virtual assistants, such as Apple’s Siri and Amazon’s 
Alexa. NLP also drives text analysis and content creation by 
large language models such as OpenAI’s ChatGPT.

Computer vision (CV) focuses on enabling computers 
to interpret and understand visual information, such as im-
ages or video. CV applications include raw image data pro-
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cessing, such as the conversion of satellite imagery to output 
maps, and detailed image analysis, used in facial recognition 
systems and other applications. CV is increasingly being 
used in conjunction with NNs in the transportation sector 
for systems that can classify and track vehicle types and 
roadway usage, monitor pavement and infrastructure condi-
tions, and allow self-driving vehicles to “see” and respond to 
their surroundings. 

ML, NNs, NLP, and CV can be combined to create AI-
powered analysis tools that can help planners process large 
amounts of data, identify patterns and trends, and make bet-
ter-informed decisions. These application areas are also being 
used to develop smart city technologies, which can automate 
and improve city services such as transportation, energy and 
water management, public health, safety, and security.

This PAS Report offers specific examples of how these 
AI applications are currently being used in the field, includ-
ing the following:

•	 In Tuscaloosa, Alabama, CV is being used to assess 
neighborhood conditions throughout the city. Smart 
cameras mounted on municipal garbage trucks collect 
GPS-located image data from neighborhoods, which is 
processed using an ML model to generate blight scores. 
This has allowed for efficient identification of blighted 
areas and targeting of activities and resources for blight 
intervention and remediation planning. 

•	 In Ector County, Texas, a school district used AI methods 
and spatial analysis to improve social equity and incorpo-
rate school districts as significant partners in community 
planning. By analyzing the socioeconomic characteristics 
of the district’s physical environment, planners were able 
to visualize the district’s standing and identify areas in 
need of improvement.

•	 In Long Beach, California, NLP is being used to capture 
and evaluate public input. More than 14 departments use 
the city’s sentiment analysis platform, which collects data 
from social media, news sites, and city hotlines to analyze 
residents’ conversations and categorize comments by 
topic and sentiment (positive, negative, or neutral). This 
approach helps quantify attention to specific issues and 
evaluate community perceptions. NLP is also being used 
in New Zealand to engage and communicate with Indig-
enous people in university and municipal settings. 

The report also explores how researchers are using NNs 
to analyze transportation data to detect travel impacts and 
study street network design, disaster and evacuation route 

planning, health and safety, and social equity; analyze and 
model land use and land-use change; and inform urban 
design and development. 

CHALLENGES TO AI ADOPTION 

The adoption of AI in urban planning presents both chal-
lenges and opportunities. This PAS Report examines seven 
key challenges to AI adoption within the planning profes-
sion: fear and uncertainty, the need for new skills, changing 
data needs, unclear goals, transparency and explainability, 
bias, and ethical considerations. By proactively addressing 
these challenges, planners can harness the power of AI to im-
prove planning processes, drive innovation, and ultimately 
create more sustainable and equitable urban environments. 

The report highlights setting a clear vision, organiza-
tional goals, and performance measures as key components 
for effective AI implementation in urban planning, as well 
as the critical role of high-quality data and data manage-
ment skills. It also emphasizes the importance of transpar-
ent and explainable AI systems for public understanding 
and acceptance, and it reiterates the vital need to address 
bias in AI systems and develop ethical standards for re-
sponsible AI use that center fairness, transparency, privacy, 
and accountability.

LOOKING AHEAD TO AN AI FUTURE

The use of AI is gaining momentum and offers a wide range 
of benefits for creating vibrant and sustainable communities. 
AI will not replace planners; instead, it will provide a useful 
set of tools for a subset of planning tasks and enhance plan-
ning practice by allowing planners to focus on the human 
components of planning. 

How can planners begin to integrate AI into their plan-
ning work? This report suggests that planners consider five 
areas of strategic intervention in planning—community 
visioning; plan making; standards, policies, and incentives; 
development work; and public investments—as a starting 
framework to identify areas where AI can be applied. 

The report also recommends developing a strategic 
organizational plan for the adoption of AI, which should 
include a thorough analysis of the current state of the orga-
nization, identification of potential areas for AI adoption, 
and a clear vision for the implementation of AI, including 
addressing potential challenges and ethical considerations. 
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In late 2022, conversational chatbots with advanced lan-
guage features gained significant attention. These chatbots, 
such as OpenAI’s ChatGPT, use natural language input 
and can produce various output styles such as blog posts, 
essays, and recipes. As AI algorithms and ML techniques 
continue to advance, these may be some of the first AI tools 
widely used to support data-driven and efficient planning. 
The adoption of AI tools in urban planning, however, will 
be largely incremental as skill development occurs through 
professional training and university programs. 

AI is an emerging technology that is here to stay, and it 
will play a significant role in the future operation and plan-
ning of cities. Despite the challenges, AI applications have 
the potential to improve the understanding and develop-
ment of more habitable and equitable urban spaces. As more 
and more data is being generated all around us, urban plan-
ners will increasingly use AI to analyze and process these 
data to detect patterns, make predictions, and have a better 
understanding of urban dynamics. 

This PAS Report explores the substantial opportuni-
ties and challenges presented by AI technologies, with more 
being revealed each day. Responsible and ethical AI use can 
help planners in their work, enhance current planning pro-
cedures, increase efficiency, and allow planners to refocus 
their work on the human components of planning. In read-
ing this report, planners will begin the process of increasing 
their knowledge and skills with appropriate AI methods to 
enhance planning practice in the service of creating more 
livable, resilient, and sustainable communities.



CHAPTER 1
INTRODUCTION
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Today, artificial intelligence (AI) is altering the human experience, causing profound social, economic, and technical 
changes that touch all of us. The convergence of very large datasets and the capabilities to analyze them represent a poten-
tially transformative period for the planning profession. 

At the cusp of significant innovation in analytical pro-
cesses, it is prudent for planners to examine the responsible 
deployment of AI to maximize its benefits and reduce its 
drawbacks, particularly in the face of its existing uncer-
tainties. In addition, having general knowledge of what AI 
is and how it operates, as well as understanding the most 
important practical and ethical aspects surrounding its 
use, is essential to implementing AI in ways that best serve 
planning practice.

Claims—both positive and negative—are frequently 
exaggerated to the point of being deceptive, and the term 
“AI” is frequently used as a marketing phrase rather than 
a detailed description of the employed methodologies. 
Regarding scope, definitions, and priorities, there might 
be conflicting views or disagreement even among those 
working in the field. To facilitate better policy, identify both 
opportunities and risks, and evaluate claims made by others, 
planners should seek clarification on what AI means; what 
components can make up a system; the wide variety of ways 
performance and accuracy, fairness, accountability, privacy, 
and security can come into play; and the complexity of 
weighing these factors against each other while planning for 
high-quality places to live.

This PAS Report introduces planners to basic AI meth-
ods and concepts, and it provides current examples of how 
AI is already being used to augment planning activities. 
While there are potential applications to improve office ef-
ficiencies (see Daniel and Petit 2021), the focus of this report 
is on planning tools and activities. The intent is to provide 
enough background so that planners can start to recognize 
how AI methods might fit planning tasks that they are 
working on. Planners may not be responsible for building AI 
solutions, but they should understand the general frame-

work and the language of AI so they can communicate with 
application developers and data scientists. 

THE FUTURE IS DIGITAL

In 2022, the American Planning Association (APA) and 
the Lincoln Institute of Land Policy collaborated to iden-
tify approximately 100 trends pertinent to urban planning 
(Hurtado et al. 2022). The resulting 2022 Trend Report for 
Planners, the first of its kind, identified several trends related 
to AI and urban planning:

•	 Digital transformation of cities. Today, digital tech-
nologies touch nearly every aspect of life, including how 
individuals live, work, learn, shop, and move around the 
city, as well as how businesses engage with their custom-
ers and how we communicate with one another.

•	 AI in everyday life. Because AI is already transforming 
the local landscape, it is crucial for planners to compre-
hend how to apply AI fairly and effectively.

•	 Urban infrastructure and AI. AI systems are increas-
ingly being used for urban technology and infrastruc-
ture, both in the public and private sectors. This includes 
automating systems and their maintenance, along with 
optimizing these processes.

•	 AI-based planning tools and upskilling needs. Aside 
from the expected effects on cities and communities 
and the planners who work in them, AI is also likely to 
change the planning profession itself.

•	 AI ethics. Concerns about human rights, civil liberties, 
privacy, and social equity are important when AI systems 
are used in communities or AI is used as a planning tool.

https://www.planning.org/publications/document/9228382/
https://www.planning.org/publications/document/9228382/
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The 2023 Trend Report for Planners (Hurtado et al. 
2023) updates and expands on the potential role of AI in ur-
ban planning. One factor with significant implications is the 
accelerating rate of development and availability of open-
source, consumer-grade AI. This means that these tools 
are no longer limited to researchers but can be applied by 
anyone without specialized training. And as planners begin 
to explore these tools, city managers and other public ad-
ministrators will also need to increase their familiarity with 
AI concepts to manage and support their staff in handling 
AI-related tasks (Yigitcanlar, Agdas, and Degirmenci 2022).

Digitalization is a factor contributing to the rise of AI 
in the public realm because it enables the large-scale data 
capture that is needed to support AI (Andrews et al. 2022; 
Gomez and DeAngelis 2022). The adoption of new AI-based 
planning tools will require planners to learn new data man-
agement skills, acquire an understanding of infrastructure 
innovations using AI (Hurtado, Hitchings, and Rouse 2021), 
and understand ethical concerns about AI (Andrews et al. 
2022). This will require upskilling, or learning new skills, 
through professional development and planning education 
(Hurtado et al. 2022).

While a large proportion of the American public has 
concerns about AI and computer applications to enhance 
human intelligence, they also express a degree of optimism 
about its potential benefits. A 2021 survey by the Pew Re-
search Center suggests that these perceptions are frequently 
based on worries about autonomy, unintended consequenc-
es, and the degree of change that these developments might 
entail for people and society (Rainie et al. 2022). Respon-
dents expressed the greatest concern for “loss of humans’ 
jobs,” “surveillance, hacking, and digital privacy,” and “lack 
of human connection, qualities,” while at the same time 
identifying “makes life, society better,” “saves time, more 
efficient,” and “inevitable progress, is the future” as potential 
positive outcomes (Ranie et al. 2022, 21). The survey also 
shows that most people associate AI with video surveillance 
and self-driving cars and less so with its many other capa-
bilities, such as data analysis and decision support.

Also in 2021, a survey of APA members asked about 
planners’ knowledge of AI, perceived levels of appropriate-
ness for planning, and the likelihood of adopting AI tools 
in the near future. The survey results suggest that planners 
currently have low levels of familiarity and experience with 
AI applications, while having a generally favorable outlook 
on AI adoption for the planning profession (Sanchez et al. 
2022). Respondents indicated that they expected AI to play 
an important role in future planning practice, though only 

seven percent of respondents planned to start using AI tools 
in the near future (Figure 1.1). But if general trends are any 
indication, opportunities for AI use in urban planning will 
expand as the technology continues to advance. 

WHY AI, AND WHY NOW 

This PAS Report defines artificial intelligence (AI) as the use 
of computers to mimic or improve upon human intelligence 
processes, such as reasoning and experience-based learning. 
For planners, AI represents a valuable tool that can remove 
the repetitive and labor-intensive aspects of analyses per-
formed to support decision-making. It also represents new 
opportunities for knowledge access and management. With 
AI, planners can process large amounts of data and identify 
patterns that may not be immediately apparent, which can 
inform more effective decision-making. 

While AI refers to a very broad range of analytical 
methods, the primary elements involve a sequence of inputs, 
analysis, and outputs (Figure 1.2). An AI program takes 
inputs of a large quantity of data, analyzes it according to a 

Figure 1.1

No
38%

No  
Answer

19%

Yes 7%

Unsure
36%

Plan to Adopt AI

Figure 1.1. Survey respondents reporting that they or their organizations plan to 

adopt AI (Thomas Sanchez)

https://www.planning.org/publications/document/9263250/
https://www.pewresearch.org/internet/2022/03/17/ai-and-human-enhancement-americans-openness-is-tempered-by-a-range-of-concerns/
https://www.pewresearch.org/internet/2022/03/17/ai-and-human-enhancement-americans-openness-is-tempered-by-a-range-of-concerns/
https://www.planning.org/planning/2022/winter/ai-in-planning-why-now-is-the-time/
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set of rules, and produces outputs, which can take a vari-
ety of forms depending on the types of inputs and types of 
questions being addressed. What makes AI “intelligent” 
is its ability to use results from the analysis and outputs to 
update or improve the overall process: to learn. Planners 
might note that this logic is not unlike the basic process of 
planning practice—gathering information about an issue 
or a challenge, analyzing it to answer important questions, 
and producing plans or policies that improve the situation or 
address that challenge.

Decades of AI research by computer scientists have 
focused on understanding the complexities of human 
thought processes and logic. The objective has been not only 
to understand how humans think, but also to develop the 
means to improve upon it in a way that could be applied 
to nearly anything that involves intelligence and decision-
making (Batty 2022). AI is now associated with a wide range 
of consumer goods and services that we use every day, from 
product design to marketing to customer feedback. 

AI is also starting to have impacts on government 
operations and policy making. Governments all over the 
world are using AI technology to influence their responses 
to some of the most pressing problems of our time, such as 
the COVID-19 pandemic (OECD 2020), climate change (Di-
mock 2022), and the implementation of new data laws and 
governance structures (Rahnama and Pentland 2022). In the 
United States, agencies at different levels of government are 
now using AI-related tools to address the many challenges 
they face. One such example is the growing use of chatbots 
by state governments to respond to information requests 
about unemployment cases and COVID-19 (NASCIO 2020). 

Research into AI for urban planning began in the 
1960s, influenced by the development of computer technolo-

gies with a broad range of scientific and industrial applica-
tions (Brail 1987). The development and implementation of 
planning applications such as transportation and land-use 
forecasting systems, however, were significantly limited by 
the lack of large-scale datasets and computing capabilities. 
Over time, academic and industrial research using advanced 
quantitative and spatial analysis commonly associated with 
AI has increased steadily; however, few of these approaches 
have been adopted by the planning profession. Much of the 
current planning-related discussion about AI is related to 
smart city technologies used to capture and analyze data for 
optimization processes, such as traffic management and en-
ergy production. Less attention is being paid to the use of AI 
in urban planning and associated decision-making activi-
ties, including scenario planning and generative design. 

Planning the cities of the future will require appropri-
ate expertise and proper planning methods. There is general 
agreement that urbanization will continue to increase as a 
function of economic opportunity, while at the same time 
equity, environmental pressures, and infrastructure needs 
will continue to be major challenges. In addition, technol-
ogy, connectedness, and digitalization are poised to acceler-
ate at a rapid pace (Frem, Rajadhyaksha, and Woetzel 2018; 
National League of Cities 2022; Antunes, Barroca, and de 
Oliveira 2021; European Commission 2019; UN Habitat 
2022; World Economic Forum 2022). AI is expected to play 
an important role in future development activities as well as 
in the planning and management of cities for sustainability, 
resilience, and equity in both the short and long terms. Plan-
ners must be prepared for the changes this means in how the 
cities of the future are planned, designed, and managed. 

Like most other fields, the planning profession has 
greatly benefited from adopting new technologies to aug-

Figure 1.2
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Figure 1.2. The basic 

analytical process for AI 

(Thomas Sanchez)
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ment planning practices. Just as urban planning gradually 
adopted computer technologies during the 1980s and GIS 
during the 1990s, the profession is now on an inevitable 
progression toward adopting AI methods. Unlike in earlier 
decades, today data is widely available, computer technology 
is pervasive, and AI is being used all around us. 

But not all aspects of planning are suitable or appropri-
ate for advanced analytical methods and other capabilities 
of AI. AI will not take a planner’s job anytime soon (if ever) 
because of the complexity of planning and the processes 
involved with plan making, but it can be a valuable tool, es-
pecially for tasks that are repetitive and time consuming. As 
with other innovative tools and technologies, planners will 
need to assess the procedures they use against the capabilities 
of AI to identify opportunities for improvement and deter-
mine the steps that will be required to make those changes. 

ABOUT THIS REPORT

This PAS Report provides an introduction to AI for urban 
planners. It highlights the basics of AI that can replace 
or help rethink planning analyses and processes. At this 
time, little AI is being used in everyday planning practice, 
despite a substantial and growing body of scholarship that 
applies AI methods to planning questions. Much of this 
research performs specific types of planning analyses, but 
these methods are yet to be used in the field for preparing or 
evaluating plans or policies. Closing this gap has its chal-
lenges, and will start with planning practitioners, research-
ers, and educators becoming aware of the opportunities and 
potential benefits of adopting new approaches. This report 
seeks to make those connections. 

This chapter has introduced the concept of AI and 
explained why it is a technology whose time is coming. 
Chapter 2, The Basics of AI, offers a primer on AI meth-
ods through a general discussion of four main AI applica-
tion areas that have potential planning relevance: machine 
learning, neural networks, natural language processing, and 
computer vision. The main objectives of the chapter are to 
introduce basic AI terminology and concepts and encourage 
readers to think about how their planning activities share 
similarities with the methods described. 

Chapter 3, AI in Current Practice, provides examples 
of AI applications that are already being used for local gov-
ernment and planning purposes. It highlights the current 
usage of AI by planners and includes additional discussion 
to broaden understanding of how that use may extend to 

other planning activities. While AI includes a broad range of 
applications, the focus here is on tools with the potential to 
augment planning analyses. 

Chapter 4, Challenges to Adopting AI in Planning, dis-
cusses some of the concerns that have been expressed about 
the use of AI. Some of these concerns are based on known 
or suspected problems such as bias, error, and misapplica-
tion leading to poor outcomes. Stakeholder concerns include 
those from the public, government officials, and planners 
themselves. Much of this concern relates to privacy and the 
confidentiality of data collection. Another concern is that AI 
methods may perpetuate discriminatory historical analog 
methods that have had adverse impacts on neighborhoods 
and communities. Careful consideration of AI use and ex-
amination of its logic will be vital in avoiding those pitfalls. 

The report concludes with Chapter 5, Getting Started. 
It offers guidance and a strategic framework for how plan-
ners should consider future AI methods today and over 
the long term and forecasts an ever-expanding scale of AI 
applications across planning and related fields. 

A Glossary, provided as an appendix, provides defini-
tions of AI-related terminology used in the report. Where 
terms are highlighted in the text, readers can click through 
to find the definitions. 



CHAPTER 2
THE BASICS 					  
OF AI 
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The term artificial intelligence (AI) applies to many different technologies and methods. In the 1950s, AI pioneer John Mc-
Carthy came up with the term “artificial intelligence,” which he and his colleagues defined as “making a machine behave in 
ways that would be called intelligent if a human were so behaving” (McCarthy et al. 1955, 11). More than 60 years later, AI 
researchers Stuart Russell and Peter Norvig defined AI as “as the study of agents that receive percepts from the environment 
and perform actions” (Russell and Norvig 2016, viii). Though AI may be defined in different ways based on uses and objec-
tives, its key elements—as in both of these definitions—include intelligence and behavior, or action based on that intelligence. 

This chapter provides a general background on AI, a 
rapidly evolving field that is affecting nearly every aspect of 
our lives. It discusses some of the basic techniques and ap-

plications of AI so that readers can gain an appreciation for 
the field through a sample of AI technologies. The chapter 
covers four main areas of AI applications: machine learning 
(ML), neural networks (NN), natural language processing 
(NLP), and computer vision (CV). Within each of these, it 
briefly describes subareas, with some example applications. 
Some subareas are related to or overlap with others, in some 
cases sharing data needs and analytical processes.

To innovate, planners should understand the general 
capabilities of AI methods and technologies so they can 
recognize opportunities for change and improvement (Batty 
2022). Planners will also be involved in discussions about 
analyses that will increasingly incorporate AI methods, and 
to do so, they must understand these terms and concepts. 
This chapter seeks to provide this information to increase 
planners’ understanding of these approaches and the oppor-
tunities that they represent. 

As readers consider the following characteristics and 
applications of AI, they may begin to recognize methods that 
could apply to individual planning tasks as well as organiza-
tional processes. Chapter 3 will take the discussion further and 
explore some current applications of AI to planning practice. 

A BRIEF HISTORY OF AI

The notion of nonhuman intelligent machines goes back to 
ancient times. The mythical Greek inventor Daedalus was 
reputed to have made statues that appeared lifelike and could 
walk. In ancient China, there are accounts of automatons Figure 2.1. “Maillardet’s automaton,” created in the early 1800s (Daderot/Wikimedia)
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from as early as the 3rd century BCE, when a mechanical 
orchestra was assembled for the emperor (Mayor 2018). And 
statues coming to life were a common occurrence in myths 
and legends, such as that of Pygmalion creating Galatea. 

Much later, during the Renaissance, machinists cre-
ated life-sized automata resembling humans that could 
write, draw, or play music (Russell 2017). In the early 1800s, 
“Maillardet’s automaton” (Figure 2.1, p. 13), an automaton 
created by Swiss mechanist Henri Maillardet with the ability 
to write three poems and draw four illustrations, toured 
Europe and the United States. By the late 19th century, these 
types of devices had become very popular, with automata 
created by French dollmaker Gustave Vichy being displayed 
as toys in upscale Parisian department stores. 

These efforts focused on simulating the physical form 
and actions of the human body, but not the abilities of 
the human mind. Though during this time philosophers 
from all over the world had been creating formal reason-
ing techniques to understand the human mind, there were 
no scientific methods and capabilities to build mechanisms 
that could simulate the logic processes they were theorizing 
(Crawford 2021). It would not be until the 20th century, with 
the development of computers, that “artificial intelligence” 
in mechanized form was conceptualized. 

By some accounts, modern computing began in the 
1940s when Princeton mathematician John von Neumann 
envisioned a computer-like process that could store pro-

grams (i.e., digital computer instructions). The computer 
program could be executed using stored memory, more 
closely achieving the functionality of a human brain. This 
aligned with the work of Alan Turing‘s World War II code-
breaking device that successfully decrypted German mili-
tary messages (featured in the movie Imitation Game). The 
device, known as a “bombe,” far surpassed human, manual 
processes for testing combinations and problem solving, 
but was an analog machine rather than a digital computer 
(Dyson 2012).

An important early AI milestone was a 1956 conference 
held at Dartmouth University sponsored by the Defense 
Advanced Research Projects Agency (DARPA). Participants 
included AI researchers Marvin Minsky, Oliver Selfridge, 
Allen Newell, Herbert Simon, and John McCarthy. As noted 
above, the term “artificial intelligence” is commonly attrib-
uted to McCarthy, while Newell and Simon have been cred-
ited with one of the first AI programs, the Logic Theorist. 

The Dartmouth University conference generated sub-
stantial enthusiasm about the potential for a “thinking ma-
chine” with the capacity to “learn,” and significant financial 
support began to flow from government and businesses for 
this research (Buchanan 2005). Substantial gains in AI dur-
ing the next 20-year period included the General Problem 
Solver (GPS) algorithm, developed in the late 1950s, which 
was fundamental to more advanced cognitive structures, 
and the AI programming language LISP. 
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Figure 2.2. Timeline of significant events in the development of AI (Thomas Sanchez)
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Despite decades of well-funded international research, 
however, scientists were unable to successfully build their 
envisioned “intelligent machines” and there was a relative 
lull in scientific advancement. Researchers struggled due to 
a lack of funding in an “AI winter” from the mid-1970s until 
the 1990s. But by the end of the 1990s, American corpora-
tions had gained renewed interest in AI, partly as a result of 
considerable advancements in computer hardware. This also 
included large investments by countries such as Japan to cre-
ate “fifth-generation computing” that enhanced computing 
speeds and AI. 

Over the last 20 years, corporations such as IBM, Ama-
zon, Google, and Baidu have been successfully applying AI 
techniques in specialized fields to significant commercial 
advantage. Many of the digital services we use daily (the 
internet, personal computing, communications, navigation, 
and others) contain AI. As a result, these technologies are 
increasingly influencing many aspects of our lives. 

The four main areas of AI in use today with which plan-
ners should be familiar—machine learning (ML), neural 
networks (NN), natural language processing (NLP), and 
computer vision (CV) (Figure 2.3)—are all being tested on 
planning-related activities. Most of the current applications 
of AI can be considered “weak AI,” which simply mecha-
nizes limited human thought and behavior patterns. The 
growing pervasiveness of AI technologies and the unforesee-

able potential consequences of “strong AI” or even artifical 
“superintelligence,” however, as described in the sidebar on 
p. 16, are a concern to many. 

MACHINE LEARNING

In data science, the term machine learning (ML) is frequent-
ly used interchangeably with AI, though ML is a branch of 
AI. The basic principle of ML is that with appropriate data, 
computers can “learn.” The goal of ML is to enable machines 
(i.e., computers) to detect and “memorize” patterns more 
quickly and accurately than humans, and then use this 
information as part of decision-making processes.

An important distinction to make here about differ-
ent types of AI is that of “rule-based” versus “learning-
based” systems. A rule-based AI system relies on predefined 
rules, heuristics, and algorithms that are created by human 
experts. These rules are used to make decisions or perform 
tasks based on specific input data. The main advantage of 
rule-based AI is that it is easy to understand and explain 
the decision-making process, and it works well for well-de-
fined problems with limited variability. It can also produce 
results quickly, as long as the rules are clear and compre-
hensive (U.S. GAO 2021). However, the main disadvantage 
of rule-based AI is its limited flexibility, as the system can 
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LEVELS OF AI 

When discussing specific examples of AI methods, it is useful 
to first understand the evolution of approaches and ap-
plications. AI is a broad term encompassing several layers of 
sophistication, resource needs, and objectives. There are three 
general levels of AI referred to today: artificial narrow intel-
ligence (ANI), artificial general intelligence (AGI), and artificial 
super intelligence (ASI) (Figure 2.4) (Bostrom 2014).

Artificial narrow intelligence (ANI), which performs 
simple tasks, represents most of today’s AI technology. Also 
known as “weak AI,” ANI simulates basic human logic and be-
havior as defined by a limited set of rules and circumstances; 
it does not reproduce human “intelligence” in the larger sense. 
Examples include internet search tools, facial recognition, and 
text-to-speech conversion—systems that can be taught to 
carry out particular tasks. Online commerce and entertain-
ment services such as Netflix, Spotify, and Amazon use narrow 
AI to classify user preferences resulting in recommendations. 
In the last decade, advances in machine learning and deep 
learning (discussed later in this chapter) have enabled impor-
tant advancements in ANI. 

ANI typically only has a small amount of memory and 
is considered to be “reactive.” Reactive AI mimics the human 
thinking involved with handling various stimuli without ac-
cessing prior knowledge or deep reasoning; it usually lacks 
memory and data storage capabilities. A computer playing 
chess, a game with well-defined rules, is one example of ANI. 
More sophisticated AI can collect and store data, allowing 
computers to access previous facts to guide future decisions. 
ANI can be seen as a building block for larger systems that 
can be integrated with other AI tools and processes. 

Artificial general intelligence (AGI), also called “strong 
AI,” is focused on performing a full range of tasks. It represents 
the proposition that machines can be trained to learn human 
behaviors, think like humans, and use the fundamental as-
pects of human consciousness. To perform with near-human 
levels of intelligence and carry out every task that a human 
being is capable of, AGI will need to master critical capabilities 
related to sensory perception, motor skills, natural language 
skills, human-like creativity, and comprehension of human 
social and emotional characteristics. This will produce power-
ful AI with extensive knowledge and cognitive computing 
skills that can handle data efficiently and at incredible speeds, 
giving it advantages over human cognitive skills. 

AGI is expected to understand the context of a task, which 
leads to self-evaluation, learning, error correction, and improved 
performance on an unsupervised basis. A Level 5 autonomous 
vehicle (AV) without the need for human intervention is one 
example of an AGI application. Being able to handle any or all 
scenarios that arise while driving illustrates the level of com-
plexity that would be expected from an AGI system.

Going beyond AGI, the concept of artificial super 
intelligence (ASI) has been described as “an intellect that is 
much smarter than the best human brains in practically every 
field, including scientific creativity, general wisdom, and social 
skills” (Bostrom 1998, 1). ASI represents the point at which 
robots (or other intelligent agents) will develop sufficient 
self-awareness and self-vigilance to outperform human intel-
ligence and behavioral abilities. 

Machines that possess “superintelligence” will have 
neural capacities exceeding that of the human brain, making 

Figure 2.4
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them capable of conceiving abstractions and interpreta-
tions beyond that of humans. As conceptualized, ASI will 
replicate human behavioral intelligence, using better 
memory and processes superior to human intelligence to 
solve problems and digest information, events, and stimuli 
more quickly. Not only will ASI be able to comprehend hu-
man expressions, but it is also expected to communicate 
emotions, beliefs, and desires of its own. Such superintel-
ligent robots will have decision-making and problem-solv-
ing abilities that are significantly more reliable and superior 
to those of humans. 

As noted above, today’s AI technologies fall on the 
narrow end of the AI spectrum. Scientists and engineers 
are still working to develop computers with cognitive 
abilities comparable to humans, though they have made 
some significant advancements, such as IBM’s Watson 
supercomputer. A significant number of scientists and 
professionals contend that AGI will not be viable for at least 
several decades, with predictions ranging from 2030 to 

2060 before the arrival of such a system (Goertzel 2014). Some 
experts predict that given recent developments, ASI may exist 
by the end of the 21st century (Kelly 2017). 

Although having such powerful technologies at our 
disposal may sound enticing, the idea itself is fraught with 
unintended and unknown consequences. We can only specu-
late as to what effect this may have on the lives of human 
beings. Dystopian views of an ASI future—as depicted by sci-
ence fiction in which humans are dominated by robots—as-
sume that there is an innate evil within these systems and that 
the superintelligent agents will turn against the people that 
created them. English theoretical physicist Stephen Hawking 
has cautioned, “The development of full artificial intelligence 
could spell the end of the human race” (Cellan-Jones 2014). A 
significant amount of concern has been expressed by experts 
in the field, alerting us to possible dangers and encouraging 
us to be thoughtful about the potential repercussions of this 
new technology to maximize the benefits and avoid harm. 

only handle situations defined by its rules. Additionally, 
it is difficult to maintain and update when the problem 
domain changes or expands, and it cannot learn or adapt 
to new situations.

In contrast, a learning-based AI system learns and 
adapts to new situations by analyzing data and adjusting its 
algorithms accordingly. This is typically achieved through 
techniques such as ML, deep learning (discussed further 
below), and reinforcement learning. Instead of relying on 
predefined rules, learning-based AI systems develop their 
own understanding of the problem domain through experi-
ence and data analysis. This allows them to become more 
flexible and adaptive to new and changing situations. The 
main advantage of learning-based AI is its ability to handle 
complex, real-world problems that require adaptation and 
generalization. It can also improve its performance over 
time as it learns from new data. However, the main disad-
vantage of learning-based AI is that its decision-making pro-
cess can be more difficult to understand and explain, and it 
may require large amounts of data and computational power 
to train effectively.

Supervised learning and unsupervised learning are the 
two main aspects of ML data frameworks. In supervised 

learning, a collection of accurately labeled data is critical 
to the process. The algorithm picks up the proper correla-
tions from these instances and uses them to associate newly 
encountered unlabeled data. In unsupervised learning, un-
labeled data is used as the first input, and the algorithm does 
not consider outputs. Unsupervised learning can be used to 
identify commonalities by clustering together comparable 
data points while not having the actual label or classification 
of the observation. While supervised learning involves the 
computer being “taught” by labeled data, in unsupervised 
learning, the computer “teaches itself.” 

ML algorithms are frequently employed in prediction 
models; thus, ML and predictive analytics go hand in hand. 
Analyzing upcoming events in light of prior results from re-
lated events is one example (similar to time-series statistical 
analyses using labeled data). Four primary ML applications 
are sentiment analysis, spam detection, recommendation 
systems, and predictive maintenance.

Sentiment Analysis
Sentiment analysis examines text using ML and natural 
language processing (NLP) technologies (discussed further 
below) to determine the perspective or attitude that it 

https://en.wikipedia.org/wiki/IBM_Watson
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conveys. The process usually classifies or predicts where 
a text’s sentiment falls based on a continuous scale from 
positive to negative. 

Sentiment analyses are increasingly used by businesses 
to summarize large sets of customer reviews in text form. 
Sentiment analysis algorithms can be applied to text samples 
of customer comments after gathering input through vari-
ous channels, such as Twitter, Facebook, Yelp, and customer 
service platforms, to learn how customers felt about a 
product, service, or experience. Automating this process is 
especially useful in cases where there are many responses in 
an open-ended text format, such as free-form comments. 

A scored word list is one approach to sentiment analy-
sis. The processed list comprises words that are assigned 
scores ranging from -3 to +3 (very dissatisfied, dissatisfied, 
slightly dissatisfied, neutral, slightly satisfied, satisfied, and 
very satisfied). To determine a final sentiment index, the 
text is parsed into individual words that are compared to 
the scored word list. In a simple example, if a customer said, 
“I love the product, but it was delivered late,” sentiment 
analysis would identify two words on the processed word 
list, “love” and “late” (with scores of +3 and -2, respectively), 
and disregard the other words. These two words produce a 
score of +1; therefore, this statement would be categorized 
as “slightly satisfied.” 

Industry can use very sophisticated implementations of 
sentiment analysis, including precise scores from algorithms 
for lengthy texts. In addition, reinforcement learning models 
can continue to add intelligence to the process—by updating 
the scored word list in the previous case, for example. NLP 
and ML methods can be combined to create complicated 
models with different algorithms for sentiment analysis 

depending on the complexity of the data and the level of 
precision desired.

There are three primary models for sentiment analy-
sis. Automated systems rely on clustering ML models (i.e., 
unsupervised labeling) or network analysis. Comments can 
be clustered based on the similarity and co-occurrence of 
words or terms with no prior word scoring available (Figure 
2.5). An analyst then reviews the clusters and assigns an ap-
propriate label (e.g., positive, neutral, negative, or other). No 
score along a scale or index is used in this case. 

Rule-based techniques, as described above, rely on pre-
defined rules to categorize data. Tokenization, parsing, and 
stemming are a few methods needed to preprocess the text. 
The earlier example of scoring “I love the product, but it was 
delivered late” is a rule-based strategy. Rule-based systems 
can be customized or tuned to improve performance over 
time. By creating more intelligent rules, these algorithms 
can be modified depending on the circumstances, such as 
changes in the topic or terminology involved. To guarantee 
consistent and enhanced results, rule-based models need to 
be routinely updated. This can be done by adding additional 
correctly labeled data, which takes more time and resources.

The most advanced, effective, and popular method 
for sentiment analysis is a hybrid methodology, which 
combines the advantages of both automatic and rule-based 
systems. Hybrid models benefit from both the flexibility of 
customization and the strength of machine learning. An ex-
ample is a self-updating word list built using a standardized 
database. ML can be used to monitor and update the word 
list following an organization’s requirements, but outcomes 
must be periodically validated by humans. Such methods 
are examples of “human-in-the-loop” systems.

Figure 2.5
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Spam Detection
Everyone is familiar with spam, or junk email—unsolicited 
email sent in bulk to a large list of addresses, often with mes-
sages that are meant to deceive or trick recipients into send-
ing money or revealing confidential information. As worms, 
viruses, Trojan horses, and other malware are often sent via 
spam, this is increasingly being recognized as a serious secu-
rity issue. Knowledge engineering (or rule creation) and ML 
are two popular methods for detecting spam emails. 

In knowledge engineering, a process similar to senti-
ment analysis, email messages are categorized as spam or 
valid based on a set of rules. These rules can be constructed 
by an individual using a filter, or the software an email 
provider uses can learn over time as a user classifies emails 
as spam. Since rules need to be updated often, this strategy 
may not ensure effective results depending on the volume 
and variety of language being used. 

For spam detection, ML is more effective than knowl-
edge engineering. Based on a set of labeled training sam-
ples—emails that have already been categorized as valid or 
spam—an ML algorithm “learns” the categorization criteria 
to cluster or classify text-based data (i.e., emails) and filter 
spam. Leading email providers such as Gmail, Yahoo Mail, 
and Outlook use combinations of ML techniques in their 
spam filters to address the dangers posed by spam. These ap-
proaches go beyond simply scanning spam emails using pre-
existing rules because ML can adapt to changing strategies 
and create new rules (i.e., learn) using what it has analyzed.

Recommendation Systems
Another ML subclass known as recommendation systems 
is used to rank or rate products or services for users or 
customers. These systems anticipate the ratings a user would 
give to a certain product based on previous purchases, ac-
tions, or characteristics. 

Recommendation systems (Figure 2.6) are frequently 
employed by well-known corporations, including Google, 
Instagram, Spotify, Amazon, Reddit, and Netflix, to boost 
user and platform engagement. To encourage the use of its 
platform to listen to music, Spotify, for instance, will suggest 
tracks that are similar to those a user has “liked” or listened 
to frequently. Based on the information it has gathered about 
similar users, Amazon uses recommendations to suggest 
certain products to different consumers. 

Recommendation systems can be built in a variety of 
ways. Some employ formulaic and algorithmic methods, 
such as PageRank, while others use modeling-based meth-
ods, such as collaborative filtering, content-based methods, 

and link prediction. Complexity does not necessarily equate 
to better performance. Just as with other ML methods, 
simple strategies and tactics can improve performance 
over time. Major corporations including Reddit, CNN, and 
Google have promoted content on their platforms using 
straightforward, formulaic implementations of recommen-
dation engines. The more customer or user information 
available (e.g., prior purchases, items searched, demo-
graphic information, and other interests), the better the 
potential recommendations. 

Predictive Maintenance and Anomaly Detection
Predictive maintenance (PdM) uses ML algorithms trained 
on industrial sensor data to predict future events, such as 
determining the likelihood that machinery or equipment will 
break down. PdM can determine maintenance scheduling by 
combining data, statistics, ML, and modeling (Mobley 2002). 

To monitor and identify equipment problems in real 
time, PdM considers expected service intervals in addition 
to data-driven insights based on measurements of opera-
tional conditions. The data collected over time will eventu-
ally produce patterns and anomalous activities that can be 
classified accordingly (i.e., as malfunctions), allowing for the 
detection of irregularities in automated activities before they 
develop into significant problems that could harm the opera-
tion. For instance, a spike in energy usage that falls outside 
of a specified error range can be detected and researched 
further (Figure 2.7, p. 20). By using this predictive analysis, 
PdM helps maintain the operating efficiency of equipment 
in service while avoiding expensive repairs. This approach 
can be applied to processes that involve a mix of equipment.

Figure 2.6
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Because it can identify potential faults and can reduce 
downtime and waste, PdM is becoming valuable for system 
monitoring. Sensors can track machine and operating condi-
tions, and this information can be integrated with manually 
collected data and cloud storage systems. A rich dataset for 
PdM involves the widest variety of diagnostic and mainte-
nance information over long periods. Organizations are better 
able to implement maintenance plans when they are needed—
and anticipate the next equipment breakdown or failure—
when they can identify patterns and signals in sensor data.

NEURAL NETWORKS

Artificial neural networks, also called neural networks 
or neural nets (NN), are computerized systems based on 
how the brain processes information. They are a common 
approach used in ML to identify patterns, determine the 
likelihood of a specific outcome, and learn by using feedback 
loops (Swingler 1996). They can form connections between 
two items and learn to correlate them with one another, 
which is the basis for making predictions. 

NNs are more practical today given the increasing avail-
ability of very large datasets (also known as “big data”). NN 
variants can combine numerous NNs to attain a greater level 
of complexity. Similar problems can be analyzed with mul-
tiple regression analysis and NN; however, NN by nature can 
discover nonlinear and interactive relationships, while these 
structures need to be predetermined for regression models.

The basic architecture for NNs was modeled after the 
structure of the human brain. Because of this, many terms 
used in NN are drawn from the field of neurology. As the 
neuron is the core component of the human brain, the 
“perceptron” is the analogous computational element of 
NN structures (Figure 2.8, p. 21). Similar to the neuron, 
the perceptron takes in a set of input signals and converts 
them into output signals. The perceptron then attempts to 
analyze the data by stacking numerous layers, or groups of 
computing units, that can recognize repeatedly occurring 
values. The job of each layer is to interpret a particular pat-
tern within the data.

The term “deep learning” (DL) refers to a neural 
network with a depth of multiple layers. In contrast to the 
basic AI functionalities available through ML, DL allows 
for systems that can carry out more complicated tasks and 
learn a wider variety of functionalities. The main uses of 
DL today include speech recognition and more general pat-
tern recognition. 

Speech Recognition
From voice search to virtual assistants, AI-powered speech 
recognition systems are increasingly becoming part of daily 
life. DL advances have produced great gains in this area. 

Automatic speech recognition (ASR) involves translat-
ing spoken words into text, often in the form of a command. 
The most cutting-edge software of today can recognize 
different accents and dialects. ASR is frequently used with 
virtual assistants, live captioning, and clinical transcription 

Figure 2.7
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in a wide range of fields. For many applications, accuracy 
is critical. These tools will likely become even more widely 
used over time, replacing the keyboard as a primary input 
device (Mitchell 2019). Speech recognition systems are 
distinguished from voice recognition because they extract 
words from spoken language, where voice recognition iden-
tifies a person through their speech, similar to the unique-
ness of a fingerprint.

Natural language processing (NLP) models, discussed 
further below, are important to ASR. NLP can be used to 
add capitalization and punctuation and check grammar in 
transcripts at the end of the ASR process, in addition to its 
use in large language models. After NLP post-processing, 
transcripts can be used for tasks involving language model-
ing, such as sentiment analysis, text analytics, chatbots, and 
personal assistants.

Both traditional statistical algorithms and DL can be 
used to develop speech recognition algorithms to translate 
audio into text. However, DL for speech recognition over the 
past few years has exceeded the performance of statistical 
models (Sarker 2021). DL algorithms are more accurate even 
with noisy data and are better at understanding accents, 
dialects, context, and numerous languages. DL speech 
recognition models can be developed using many software 
tools and services from Google, Amazon, and Microsoft, 
and voice recognition models can be created with the aid of 
open-source toolkits. Like other AI tools, speech and voice 
recognition are becoming easily accessible through popular 
programming language modules in Python and R, as well as 
web-based platforms.

Pattern Recognition
The capacity to recognize patterns is a fundamental aspect 
of intelligent systems. Humans naturally look for patterns 
within whatever type of information they are consuming. 
Descriptive pattern recognition classifies the identified pat-

terns; explorative pattern recognition tries to identify data 
patterns in general. AI pattern recognition addresses both 
approaches and uses a variety of techniques, depending on 
the application and type of data. As a result, pattern recogni-
tion comprises a large body of information and skills that 
are often unrelated. 

In general, pattern recognition is an automated way 
to detect regularities or predictable sequences and orders 
of values within a sample of data. Computers monitor 
their surroundings, learn to discern different patterns of 
interest from their backdrop, and then reason logically 
about the categories of the patterns (Rich, Knight, and 
Nair 2009). The specified objects are categorized during 
the recognition process. Definitions of pattern recogni-
tion vary because of the broad range of data types that can 
be analyzed. Words or text, images, and audio recordings 
can all be used as data inputs for pattern recognition. As a 
result, pattern recognition is more general than computer 
vision (discussed below), which focuses on image identifi-
cation. Biology, psychology, health, marketing, and com-
puter vision are just a few of the engineering and scientific 
fields where automatic and machine-based recognition, 
description, categorization, and grouping of patterns are 
used extensively.

A pattern can be any object of interest that appears 
over time or space and has some level of significance, 
regardless of medium. Common illustrations of patterns 
are fingerprints, letters, numbers, faces, or speech signals. 
An observation of a pattern can be made quantitatively by 
using statistical techniques, or it can be made visually, such 
as in pictures and films. The classification or categorization 
task is typically used to represent the recognition problem. 
Classifications are either created by the system (supervised 
categorization) or are discovered through pattern similar-
ity (unsupervised classification). The use of these methods 
depends on the types and volume of data.

Figure 2.8
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NATURAL LANGUAGE PROCESSING

Natural language processing (NLP) is a subfield of AI in 
which computer methods analyze human language, text, or 
verbal communication to derive meaning. NLP can perform 
tasks such as automatic summarization, sentiment analysis, 
speech recognition, and topic modeling. For text, NLP is 
used to analyze the ideas conveyed by terms, sentences, and 
phrases (Obermeier 1989). NLP systems can also correct 
grammar, convert recorded speech to text, and translate 
between languages.

NLP is complicated by the fact that human language 
usage is imprecise, with great variety in how it is used. To 
understand human language is to also understand concepts 
and context and how they interact to create meaning. De-
spite language being relatively easy for the human mind to 
learn, ambiguities of language make it difficult for NLP to be 
precise and consistent. 

NLP algorithms are commonly based on ML algo-
rithms. Instead of hand-coded rules, NLP can rely on ML to 
automatically learn these rules by analyzing documents and 
samples of text. Like other areas of AI, more training data 
usually leads to more accurate models and performance. 
Common applications of NLP include virtual assistants, text 
analysis, and content creation.

Virtual Assistants
Chatbots, also known as virtual assistants, can communicate 
with users through a variety of applications and platforms. 
They can understand voice commands and initiate requested 
tasks. They can also extract information from conversations 
for analysis or input to other processes or tasks (Brandtzaeg 
and Folstad 2017). These technologies are being integrated 
into automation processes to help increase productivity. 

Task-oriented chatbots are the simplest type of chat-
bots, serving well-defined purposes to execute specific tasks. 
Using rule-based NLP combined with ML, chatbots can 
respond to user queries in conversational ways and are often 
used to support customer service functions. Task-oriented 
chatbots can handle traditional and general inquiries, such 
as providing hours of operation, business locations, or 
other information that does not involve variables or require 
decision-making. 

Predictive AI chatbots are more advanced and person-
alized than the task-oriented variety. Conversational virtual 
assistants, such as Apple’s Siri and Amazon’s Alexa, are 
contextually aware, using natural language understanding 
(NLU), NLP, and ML to acquire information during opera-

tion. They use predictive intelligence and other AI capabili-
ties to personalize conversations. These chatbots store a 
user’s preferences while offering responses and recommen-
dations, similar to that of a recommendation system. Large 
language models (LLMs), such as OpenAI’s ChatGPT, also 
serve as virtual assistants by interpreting user prompts and 
generating information and content about those prompts. 
The sidebar on p. 23 delves into LLMs in more detail.

Text Analysis
Text mining is an AI method that uses NLP to transform or 
extract text from documents and databases into structured 
data for analysis with ML. Text mining can identify facts, 
relationships, and assertions within documents or other 
textual data. 

Knowledge-based businesses examine large sets of 
documents with text mining to discover new insights, extract 
important topics or themes, or answer research questions. 
Structured data generated from the mined text can be stored 
in a database or used in a business intelligence dashboard and 
used for descriptive analysis. A simple example of this is word 
or term frequency analysis. Frequently used or related terms 
in a document often indicate the overall topic of a document.

Content Creation
Content creation can be expensive and time consuming for 
organizations that rely on frequent communications with 
users or consumers. AI and NLP can be used to create con-
tent from available data resources. In this process, a com-
puter uses rules of communication (e.g., sentence structure, 
grammar, spelling) and stored data to compose material or 
information. Specified parameters that direct the creative 
process can be adjusted to fit the content.

AI can perform content creation in a variety of ways, 
depending on the specific type of AI and its capabilities. 
Some AI systems, such as NLP models and LLMs, can be 
trained to generate text that is similar to human language. 
These models can take a given prompt or input and generate 
text that follows certain rules or patterns, such as a specific 
writing style or topic. Other AI systems, such as ML models, 
can be trained on large collections of existing content, such 
as articles or videos, and then use that training to gener-
ate new content that is similar to the existing content. The 
specific approach used by an AI system for content creation 
will depend on its design and intended use. 

In late 2022, conversational chatbots emerged and 
gained significant attention for having advanced language 
features. These include the input or prompt format, which 

https://openai.com/blog/chatgpt
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LARGE LANGUAGE MODELS

Large language models (LLMs), such as OpenAI’s GPT-4, are AI 
systems that interpret and generate human language. These 
models use a type of NN known as a transformer, which is 
composed of interconnected nodes or “neurons” arranged in 
layers. These layers work together to process language and 
learn from the patterns in data. This results in the ability to 
predict the likelihood of word or term sequences.

To create an LLM, developers assemble a huge amount 
of text data from the internet and other digital sources. The 
resulting dataset teaches the model to recognize language 
patterns and structures. When data is fed into the model, 
it is divided into smaller units called tokens, which are then 
processed by the NN. As the model has been trained on a 
wide variety of texts, it can produce coherent and contextu-
ally appropriate responses, making its conversational output 
easily understandable for users.

For someone interested in building their own LLM, the 
process begins with acquiring computational resources, as 
these models require substantial computational power and 
memory. Next, a diverse and comprehensive text dataset 
must be compiled from various sources, such as websites, 
books, and articles. This data must then be cleaned and 
preprocessed, converting the text into a suitable format for 
training. An appropriate NN architecture, like the transformer, 

should be chosen, followed by feeding the preprocessed text 
data into the model for training. The model’s performance 
should be continuously evaluated and improved using a 
separate dataset. Once the model achieves a viable perfor-
mance level, it can be deployed for various applications based 
on the content of the model.

Building an LLM for a specific profession or discipline is 
feasible, but it requires significant resources, expertise, and 
access to relevant, high-quality data. For disciplines with a 
smaller scope or less available data, it may be more practical 
to customize pretrained language models, such as GPT-4, to 
cater to the specific needs of that field. By doing so, profes-
sionals can leverage the power of LLMs without needing to 
build one from scratch, ultimately saving time and resources 
while still benefiting from the capabilities of these AI systems.

For the planning profession, LLMs trained with local 
zoning codes, building regulations, and land-use plans could 
assist with development review and generate ideas for future 
plans. Additionally, LLMs could facilitate communication 
between planners, policy makers, and community members 
by generating user-friendly visualizations and explanations of 
planning concepts and local policies and regulations, ensuring 
that diverse perspectives are considered and fostering a more 
inclusive and democratic approach to urban development.   

uses natural language rather than a search term made up 
of keywords commonly used for web searches. The other 
notable feature is the range of output styles that chatbots 
can produce, such as blog posts, outlines, recipes, essays, 
and other formats generated from the language model. 
This has significant implications for any activities involving 
text-based communications. One example of an AI content-
creating chatbot is OpenAI’s ChatGPT, which, given the 
prompt “How does AI perform content creation?”, generated 
the prior paragraph. 

In the future, these tools are likely to become more 
sophisticated, incorporating advanced AI algorithms and 
ML techniques that include text, analytics, graphics, and 
video. For example, they may be able to process vast amounts 
of data in real time, improve predictions, review develop-
ment proposals, and provide planners with more detailed 

and interactive visualizations. Already, ChatGPT can be used 
to write computer code to create simple websites and draft 
workflows for software programs such as ArcGIS, SketchUp, 
Photoshop, TwinMotion, Unity, Unreal Engine, or CAD 
software (Plass 2023). LLMs such as ChatGPT hold great 
promise as knowledge management tools that can be used 
by planning organizations, planning consultants, and others 
involved in the development process to support more data-
driven and efficient planning while helping to incorporate 
the needs of residents and promote sustainable growth. 

COMPUTER VISION

Computer vision (CV) is a subfield of AI and computer sci-
ence that focuses on enabling computers to interpret and 

https://openai.com/research/gpt-4
https://chat.openai.com/chat
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understand visual information, such as images or video. 
The aim is to encompass both visual and cognitive func-
tions to capture humans’ ability to make sense of what they 
see (Wasserman 2020). Both human vision and CV systems 
include sensors and interpreters. In a CV system, a camera 
is the equivalent of a human eye. Other hardware used to 
collect information include proximity sensors, laser scan-
ners, and radar, which can be used in different combinations 
depending on the context and objective. 

CV emerged in the late 1960s and developed in close 
parallel to AI. Tasks such as color segmentation and edge 
detection (Figure 2.9) were developed early and formed the 
basis of CV applications, but computational reasoning for 
CV has been a significant challenge to the scientific com-
munity. Humans can easily distinguish between foreground 
and background objects in 2D images, but computers cur-
rently lack reliable depth perception. More importantly, they 
cannot extract higher-level information from images unless 
related training data has been provided. 

Along with CV, image processing involves the analysis 
of raw imagery to extract or transform the information, 
usually to prepare images as input for further analysis. For 
example, operations to reduce noise, augment contrast, and 
rotate data are image-processing tasks that can be performed 
at the pixel level and do not require a complex understand-
ing of the objects in the image or the overall context. Image 
processing is also critical for land use and land cover detec-
tion derived from satellite imagery (Figure 2.10, p. 25).

CV informed by rule-based intelligence is commonly 
used for industrial purposes. These uses include inspection 
tasks in production or manufacturing, such as determining 
whether containers are clean, empty, and undamaged and 
verifying that a product is properly packaged. CV can also 
address more sophisticated problems, such as facial recogni-
tion and detailed image analysis. Facial recognition attempts 

to identify a person based on facial structure and features 
associated with images contained in a database. Biometrics 
including facial recognition, voice recognition, fingerprint 
matching, and retinal scans all rely on pattern recognition 
drawing on DL methods. These technologies are mainly 
used for security and law enforcement, which can have con-
troversial applications and social justice concerns.

There are an increasing number of CV applications 
related to transportation analysis. The use of this technology 
in vehicle classification, for example, has improved signifi-
cantly with advancements in AI (Figure 2.11, p. 25). Road-
ways and waterways can be monitored to detect, track, and 
classify vehicles using a range of sensors including closed-
circuit television (CCTV) cameras, Lidar, and thermal imag-
ing devices (Dimitrakopoulos, Uden, and Varlamis 2020). 
Within vehicles, CV technologies can be used to segment 
different traffic configurations, including DL algorithms that 
recognize traffic signs. Driver assistance systems in autono-
mous vehicles use these along with detection algorithms 
for pedestrians, lane striping, and other vehicles. Deep NNs 
have recently also been used to develop AV collision avoid-
ance systems (Everett, Chen, and How 2018). 

CV can also be used to monitor the condition of asphalt 
pavement and concrete infrastructure. A CV-based vulner-
ability detection system can assess pavement condition and 
provides data that can be tracked over time. Similarly, CV 
can help perform more efficient and consistent assessments of 
neighborhood and property conditions using large amounts 
of training data (imagery) from supervised learning sources.

CONCLUSION

The rapid evolution of AI in concert with computer tech-
nologies is expected to increase with each successive im-

Figure 2.9. Edge detec-

tion to identify objects 

(Photo by Nenad 

Radojčić/Unsplash; 

edge detection by 

PineTools Online Edge 

Detection)

https://unsplash.com/photos/-43ba-XmA1Y
https://pinetools.com/image-edge-detection
https://pinetools.com/image-edge-detection
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provement or innovation in our understanding of cognitive 
processes (Kurzweil 2013). This includes the ability to build 
machines capable of matching or exceeding the capabilities 
and speeds of the human brain. Quantum computing is ex-
pected to revolutionize computing and AI in this respect, pri-
marily due to the theoretical computing speeds that can be 
achieved (Kaku 2015). In addition, the popularity and growth 
of scientific exploration and applications are experiencing 
growing momentum that will lead to further advancement.

The selected application areas of AI briefly described 
in this chapter are examples of narrow or weak AI that are 
broadly available and potentially useful to most planning 
organizations. In particular, the rapid emergence and con-
tinued development of LLMs could play a significant role in 
revolutionizing urban planning. These AI-powered models 
can analyze vast quantities of data, from city demographics to 
traffic patterns and environmental concerns, helping planners 
identify optimal solutions for sustainable growth and livabil-
ity. This includes generating data-driven insights, optimizing 
designs, and facilitating collaboration among stakeholders. 
As with the other AI methods discussed, there are concerns 
about the sensitivity of these models to bias and past errors of 
judgment that will require trained human experts to super-
vise these applications and review their outputs.

Just as urban planning has gradually adopted new 
technologies over time, we can expect that AI will be used 
to handle tasks that are currently time consuming and in 
need of improvement. But for this to happen means that 
urban planners must be knowledgeable about the associated 
costs and benefits, both of AI use and for the organizations 
they work for. The objective is to use better information with 
improved analysis techniques to inform planning processes. 
The next chapter illustrates how several of these AI methods 
are already being used in current planning practice.

Figure 2.10. Computer 

vision used to catego-

rize land-use character-

istics in satellite image 

analysis (USGS.gov)

Figure 2.11. “Bounding boxes” applied by computer vision to identify different 

types of vehicles on a roadway (Photo by Keszthelyi Timi/Unsplash; bounding 

boxes created using Online Object Detector)

https://unsplash.com/photos/P25wpQ8ndl8
https://iashin.ai/detector
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Artificial intelligence (AI) offers possibilities to improve the planning and management of cities in many ways. As discussed in 
Chapter 2, four important application areas planners should know about are machine learning (ML), artificial neural networks 
(NNs), natural language processing (NLP), and computer vision (CV). 

These four areas have the potential to solve a wide 
range of challenging problems with a variety of data types 
and techniques. ML allows computers to learn from data 
and improve their performance over time, and CV allows 
computers to “see,” enabling them to recognize objects and 
scenes in images and videos. NLP enables computers to in-
terpret and generate human language, making it possible for 
them to interact with people more naturally and intuitively. 
This is a crucial technology for applications such as voice-
controlled assistants, chatbots, and text analysis. Finally, NNs 
are capable of learning from data and making decisions based 
on that data, which is key in applications such as image and 
speech recognition. 

These four application areas are driving significant 
advances in AI technology and can be combined to create 
AI-powered analysis tools, which can help planners process 
large amounts of data and identify patterns and trends. 
Planners can use these approaches to classify data, make 
predictions, and solve complex problems—all relevant to 
planning practice. This can help planners to make better-
informed decisions about the development and management 
of urban systems. 

Another way that urban planners can use AI is through 
the development of smart city technologies (Hurtado, Hitch-
ings, and Rouse 2021). These technologies can use AI and 
other advanced technologies to automate and improve city 
services, such as transportation, energy and water manage-
ment, public health, safety, and security. The goal of using AI 
in these ways is to make better decisions and plans that lead 
to more livable and sustainable cities.

This chapter provides examples of AI currently be-
ing used by public agencies for planning purposes. Given 
the newness of AI in planning, these cases represent early 

adopters who are pioneering these approaches and making 
the first attempts to integrate AI into planning processes. 
The first is an example of using CV to observe neighbor-
hood conditions, the second uses ML methods for evaluat-
ing district characteristics and boundaries, and the third is 
an example of NLP to assess public input. The chapter also 
reviews a mix of research approaches using NN. Each con-
tributes to planning practice in different ways. 

These examples are all applications of weak AI (see the 
sidebar in Chapter 2) in which AI was used to identify and 
explain patterns useful for planning activities. For each 
of the examples, the application area is briefly discussed, 
drawing from both planning and AI concepts. Readers are 
encouraged to consider each example in the context of the 
problems being addressed, the stakeholders involved, the 
data and methods used, and the application of results. A 
specific planning problem can be approached differently 
by different types of organizations depending on the scope 
involved, the resources available, and how it fits into the in-
stitutional mission. The examples also highlight the context 
of the problem, the partnerships involved, and other consid-
erations that may have influenced the selected method. 

COMPUTER VISION FOR NEIGHBORHOOD 	
CONDITIONS ASSESSMENT

Urban planners use neighborhood conditions assessments as 
part of the planning process because it allows them to gather 
important information about the current state of a neigh-
borhood. This information can include the condition of the 
housing, property conditions, road conditions, and environ-
mental conditions. 
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By conducting a thorough assessment of neighborhood 
conditions, urban planners can better understand the needs 
and concerns of the community and use this information 
to develop plans that will improve the area and enhance the 
lives of the people who live there (Zheng et al. 2017). Ad-
ditionally, neighborhood conditions assessments can help 
urban planners identify potential challenges and opportuni-
ties in the area, which can inform the development of more 
effective and targeted plans.

One example of how urban planners use neighborhood 
conditions assessment is to identify areas of a neighborhood 
in need of repair or improvement. For instance, an assess-
ment might reveal that a high proportion of the housing in 
a particular area is in poor condition, or that there are few 
public parks or other amenities available for residents to en-
joy. Based on this information, urban planners can develop 
plans to invest in housing rehabilitation programs or create 
new public spaces and amenities in the area.

Another example of how urban planners might use 
a neighborhood conditions assessment is to prioritize the 
allocation of resources. For instance, an assessment might 
reveal that a particular neighborhood has a higher-than-av-
erage concentration of low-income households or a higher-
than-average crime rate. Based on this information, urban 
planners can prioritize the allocation of resources to address 
these issues, such as providing financial assistance to help 
low-income families afford housing and investing in crime 
prevention programs.

Planners should pay special attention to the ramifica-
tions of neighborhood conditions assessments that can lead 
to discriminatory decisions when such assessments may 
unfairly target specific neighborhoods. For example, these 
assessments may unfairly target specific neighborhoods, 
leading to the allocation of resources, services, or oppor-
tunities in a discriminatory manner. In the 1930s, the U.S. 
government-sponsored Home Owners’ Loan Corporation 
(HOLC) used neighborhood assessments to create residen-
tial security maps, commonly referred to as redlining. These 
maps assigned ratings to neighborhoods based on factors 
such as race, ethnicity, and socioeconomic status, with 
minority and low-income communities receiving the lowest 
ratings (Tate et al. 1997). The redlining practice resulted in 
the denial of loans and insurance to these communities, re-
inforcing existing racial and economic segregation (Massey 
and Denton 1993).

Even though redlining is now illegal, some argue that 
modern neighborhood assessments can still perpetuate 
the same discriminatory outcomes. For example, cities 

may use neighborhood assessments to target specific areas 
for “improvements,” leading to the displacement of low-
income residents and a further concentration of resources 
in wealthier neighborhoods (Newman and Wyly 2006). In 
this case, neighborhood assessments can be seen as a tool 
for perpetuating existing inequalities. As with any planning 
technique, planners must be mindful of considering both 
intended and unintended consequences in ensuring that AI 
is used in ethical and equitable ways. 

Urban Blight Detection
Urban blight is a term that is used to describe areas of a city 
or town that are in a state of decline or decay. These areas 
may have a high concentration of abandoned or dilapidated 
buildings (Figure 3.1), including obsolete industrial buildings 
as widely experienced in Detroit and other older Rust Belt 
cities (Schilling and Pinzon 2016); high rates of crime and 
poverty; and limited access to basic services and amenities. 

Urban blight can have a range of negative impacts on a 
community, including reducing property values, lowering 
the quality of life for residents, and contributing to social 

Figure 3.1. Physical indicators of blight include abandoned, boarded up, and graf-

fitied buildings (Library of Congress, Carol M. Highsmith Archive)
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and economic problems. In many cases, urban blight is the 
result of decades of lack of investment and neglect and can 
be difficult and costly to address.

Neglect and disrepair also signal deeper problems that 
can grow worse over time. Residents who have the means 
eventually move away from these areas, further impacting 
the vitality of these areas. A lack of investment by local gov-
ernment and property owners, along with residential shifts, 
accelerates and prolongs blight (Hosseini et al. 2017).

Identifying blighted urban areas can highlight a range 
of negative impacts that blight imposes on low-income, 
disadvantaged residents who live in these areas. Some of the 
most significant impacts include:

•	 Reduced access to basic services and amenities. Blighted 
urban areas often have limited access to basic services 
and amenities, such as clean drinking water, reliable 
electricity, and public transportation. This can make it 
difficult for residents to meet their basic needs and can 
harm their overall quality of life.

•	 Increased exposure to crime and violence. Blighted 
urban areas often have higher rates of crime and violence 
compared to other parts of the city. This can create a sense 
of fear and insecurity among residents and can make it 
difficult for them to feel safe in their neighborhoods.

•	 Lower property values. Blighted urban areas often have 
lower property values compared to other parts of the city. 
This can make it difficult for residents to sell their homes 
or to access affordable housing options and can contrib-
ute to a cycle of poverty and economic distress.

•	 Social and economic isolation. Blighted urban areas can 
be socially and economically isolated from the rest of 
the city. This can make it difficult for residents to access 
job opportunities and other economic resources and can 
contribute to a sense of isolation and disconnection from 
the larger community.

By bringing attention to these issues, urban plan-
ners and policymakers can work to develop strategies and 
programs to address the associated causes of poor neigh-
borhood conditions to improve the lives of residents in 
these communities. However, planners should be aware 
that because there is often a connection between social 
and economic disadvantage and poor physical conditions, 
the act of labeling an area as “blighted” can potentially 
disenfranchise and destroy struggling, underresourced 
neighborhoods. This is because the label “blight” carries 
a negative connotation and can stigmatize a community, 

which can lead to a lack of investment and support from 
policymakers and other stakeholders. This lack of invest-
ment and support can then exacerbate the problems that 
are already present in the community, such as inadequate 
housing, limited access to basic services and amenities, and 
high rates of crime and poverty.

Furthermore, labeling an area as “blighted” can also 
have legal and financial implications. For instance, particu-
larly in the urban renewal programs of the 1960s and 1970s, 
the designation of “blight” was used as a justification for 
the use of eminent domain, which allowed the government 
to seize private property for public use. This resulted in the 
displacement of residents and the destruction of neighbor-
hoods, which had devastating impacts on those commu-
nities. Planners must acknowledge such past harms and 
ensure that blight detection activities do not perpetuate such 
legacies but rather are used to support and improve neigh-
borhoods for the benefit of existing residents. 

Blighted conditions are commonly reported based on 
complaints from owners of surrounding properties. In ad-
dition to their poor aesthetic conditions, blighted properties 
also have negative impacts on surrounding property values, 
which are a concern for property owners and impact the 
city’s tax revenue. Relying on complaints of blighted condi-
tions, however, results in uneven reporting that does not 
represent the entire jurisdiction and can exhibit spatial bias. 

A better approach is to use a systematic and uniform 
sampling method. Ideally, this would involve observ-
ing properties on all accessible streets either on foot or by 
vehicle. But neighborhood conditions surveys can be costly 
due to the time and labor involved, and relying on mul-
tiple individuals who may apply criteria in different ways 
may lead to biased or unreliable data. To confront these 
problems, jurisdictions such as Memphis, Tennessee, and 
Tuscaloosa, Alabama, have used CV technology mounted on 
vehicles to capture neighborhood condition data and ML to 
identify symptoms of blight. A similar process can be used 
for other urban elements such as street pavement conditions, 
public parking lot use, and urban flooding (National League 
of Cities 2020; Ibrahim, Haworth, and Cheng 2020).

Blight Detection in Tuscaloosa
In 2017, Tuscaloosa mayor Walt Maddox and the city council 
directed staff to oversee a community conditions survey, 
particularly looking at blight in West Tuscaloosa (City of 
Tuscaloosa 2018). The survey resulted in over 270 properties 
being identified as having not met property maintenance or 
condemnation thresholds. Based on the results of the analy-
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sis, an executive order was issued to address blight within the 
study area. Nearly 30 percent of these property issues were 
resolved quickly due to the relatively minor issues involved. 
However, obstacles such as a lack of property maintenance 
inspectors, nonconsolidated code enforcement, inefficient 
workflows, and COVID-19 slowed progress in the area.

Not long after, then-executive director of the Tuscaloosa 
Office of Urban Development Brendan Moore, aicp, and 
University of Alabama economics professor Erik Johnson 
collaborated on an idea to address issues related to “curb 
appeal” and blight in the city. Their idea was to use existing 
city data, CV, and an AI model to generate blight scores. 
Working together, Moore and Johnson designed a “smart 
camera” with GPS-based image collection that could be 

mounted on municipal garbage trucks to collect image data 
from neighborhoods in the city (Figure 3.2). 

As images are collected on a garbage truck’s route, they 
are processed using an ML model. After the garbage trucks 
complete their routes, the images are automatically uploaded 
via wifi in the garbage vehicle parking lot. The processing of 
the video assigns a score, indicating the degree of blight or 
code violations present. A human reviewer then inspects the 
results for accuracy and adherence to municipal code.

Tuscaloosa’s model was trained with over 4,000 images 
from building inspections, planning, environmental services, 
and police documentation to identify indicators of blight and 
code violations. Most of these images were already on file 
with the city due to established documentation systems (via 
case files, follow-ups, violations, etc.), but some new images 
were hand-collected of properties exhibiting no blight. As 
with other ML analyses, training data sets are very important 
for more accurate classifications. The substantial amount of 
training data that AI models require can pose a challenge to 
organizations that do not have a robust photo inventory. As 
noted, Tuscaloosa used images of properties both with and 
without visible blight, permitting a representative sample of 
housing conditions across the city (Figure 3.3). 

The garbage truck–mounted cameras allowed for proper-
ties to be inspected more efficiently and effectively, covering a 
greater amount of the city during routine maintenance checks. 
Garbage trucks use predefined routes on a regular schedule, 
while other municipal vehicles may only be used sporadi-
cally or as needed. Using vehicles that do not have established 
routes poses the challenge of inconsistent and skewed data 
collection, which goes against the model’s intention. 

Figure 3.2. Cameras used on Tuscaloosa garbage trucks to collect conditions 

imagery (City of Tuscaloosa)

Figure 3.3. Images from the dataset used to train Tuscaloosa’s blight analysis AI model: left, an example of a blighted structure with boarded-up windows and over-

grown vegetation; right, an example of a nonblighted structure (City of Tuscaloosa)
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Scores can be used to generate reports for both internal 
and external uses. Internally, reports can describe existing 
violations, prioritize properties based on blight scores, or 
indicate how a property’s condition trends, among others. 
Externally, reports can be trained to send violation letters to 
property owners, list typical repair fees, or provide contacts 
and information for assistance programs.

Though weighted scores consider all properties inde-
pendently, relative (local) scores can also be generated (Fig-
ure 3.4). This method allows for a property’s conditions to be 
weighed against its neighbors, accounting for minor condi-
tions that may be normal in one area, but abnormal locally. 
This approach improves early intervention in remediation, 
proactively addressing minor issues before they become un-
manageable and cost burdensome. Using a local score also 
permits a more equitable distribution of inspections across 
the city, reducing geographical and socioeconomic bias that 
may exist through traditional enforcement methods. 

The City of Tuscaloosa plans to further involve stake-
holder groups in blight intervention and remediation plan-
ning activities. Such groups will include public and private 
partnerships, with an emphasis on those who can directly 
assist in providing funding opportunities or educational 
resources related to property improvements. The City has 
a particular interest in public-private partnerships related 
to affordable housing development, including partnerships 
with Habitat for Humanity, Community Services Programs 

of West Alabama, and West Alabama’s Chamber of Com-
merce. Internally, the City’s Department of Community & 
Neighborhood Services (DCNS) provides resources related 
to opportunities for home-improvement programs and 
financial assistance and directly assists constituents with 
program applications. Blight abatement programs and 
community intervention teams closely integrate with code 
enforcement officers’ and inspectors’ workflows, directly 
connecting these beneficial resources via blight reports and 
face-to-face interactions with constituents. 

Once the model’s dataset is further established, the City 
will also incorporate predictive analyses of blight and code 
violations. Such patterns may be layered with other historic 
datasets to understand temporal trends of violation sever-
ity, allowing officials to anticipate workloads and prioritize 
early intervention. Future improvements to the application’s 
model will include a smart score to evaluate additional 
variables, such as the presence of school-aged children in a 
neighborhood, property and violent crimes, streetlights, and 
historic code enforcement data. This type of multivariate 
analysis can transition toward further proactive interven-
tion, prioritizing property issues and socioeconomic factors 
more strategically and equitably. A multivariate approach 
can assist municipalities in making informed decisions 
when allocating resources to make the most impact on an 
affected area. 

Securing “buy-in” is a significant hurdle to those seek-
ing new technology; challenges include a lack of understand-
ing of future benefits, upfront implementation costs, and the 
need to train staff to maintain and optimize the application 
or technology. Appropriate technical staff must be involved 
in technology projects to optimize the data’s use and out-
comes and must be able to effectively communicate results 
with stakeholders and decision-makers.

(Special thanks to Brendan Moore, aicp, and Jayla 
Blanke from the City of Tuscaloosa for providing informa-
tion about this project.)

MACHINE LEARNING FOR BOUNDARY ANALYSIS

Zones or subareas are often used for geographic analysis 
and planning purposes because they provide a way to group 
similar areas or regions within a larger geographic area. 
This can be useful for a variety of purposes, such as analyz-
ing and comparing data across different areas, identifying 
patterns and trends within a particular region, and develop-
ing strategies for addressing issues or challenges within a 

Figure 3.4. Map of Tuscaloosa blight analysis with both weighted (original) and 

local blight scores (City of Tuscaloosa)
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specific area. For example, a city might use zones or subareas 
to identify locations that are experiencing high levels of 
environmental degradation, identify the sources of environ-
mental impact, and then develop strategies for conserving 
and protecting those areas. Using zones or subareas for 
geographic analysis and planning allows for a more targeted 
and tailored approach to addressing issues and challenges 
within a specific region, rather than applying a one-size-fits-
all approach across the entire area.

There are many different types of zones and subareas 
that can be found within municipalities and regions. These 
can include zoning districts, such as residential, com-
mercial, and industrial districts; destination areas, such as 
cultural or tourism districts; and limited-purpose local gov-
ernment special districts, such as school or water districts. 
Because the composition of zones and subareas changes 
over time, modifying boundaries can often be necessary 
to maintain their intended purpose and appropriateness 
for analysis. Modification triggers can include changes in 
population or demographics, shifts in economic or social 
conditions, or the need to address issues related to equity 
or access. Changing district boundaries can be a complex 
process that involves several steps and considerations. 

ML can be used for boundary analysis in several ways, 
including mapping and visualization, boundary classifica-
tion, predictive modeling, and clustering. In addition, ML 
can be used to evaluate the need for modifications related to 
changes in composition. Overall, ML has the potential to be 
a powerful tool for geographic boundary analysis, providing 
insights into the boundaries of a particular area and helping 
to inform decision-making related to land use, resource al-
location, and other issues.

School District Boundaries
School districts are responsible for providing educational 
services to the students who live within the district. These 
districts are typically defined by political boundaries, such 
as city, county, or state lines, and are usually administered by 
a board of education or a similar governing body, which is 
responsible for setting policies, making budget decisions, and 
overseeing the operation of the schools within the district.

School districts are an important part of the education 
system in the United States, as they provide a framework 
for organizing and delivering public education services to 
students. In addition to operating traditional public schools, 
many school districts also offer alternative educational 
programs, such as magnet schools, charter schools, and on-
line learning programs. School districts are usually funded 

through a combination of local, state, and federal sources, 
and may also receive funding from private sources, such as 
foundations and philanthropic organizations.

School district boundaries influence the quantity 
and quality of educational resources that are available to 
schools, as well as the mix of social, economic, and cultural 
backgrounds of students within those districts (Jargowsky 
and El Komi 2011). When school district boundaries result 
in separate and unequal systems, this can have particularly 
negative effects on a variety of noncognitive outcomes, as 
the fundamental argument in Brown v. Board of Educa-
tion reminds us. District boundaries classify students into 
distinct “market areas” rather than separate schools within 
the same system, which is the main source of today’s public 
schools’ segregation (Owens 2017). Recent years have seen 
an increase in the number of new school district boundar-
ies as smaller communities strive to break away from larger 
school districts.

Creating districts with geographic boundaries is an an-
alytical and political challenge because of the spatial context 
of residential and demographic patterns. Boundaries can 
be manipulated to segregate or integrate different groups, 
such as in the gerrymandering of electoral voting districts 
in which boundaries are used to separate groups. When 
creating or modifying district boundaries, planners should 
consider the characteristics of a population or development 
through a spatial lens, which adds to the complexity of the 
task. With school districts, it is important to consider how 
to better balance underlying community characteristics to 
not further divide socioeconomic groups. From a planning 
and policy design perspective, this represents a rule-based 
system that can facilitate ongoing evaluation and updates. 
The following example highlights an analytical strategy used 
by a Texas school district to address this challenge.

Equity Analysis in Ector County 		
Independent School District
As new development increases population levels and 
changes demographic characteristics in a community, shifts 
in school supply and demand mean that district boundaries 
need to be adjusted to accommodate changes in the number 
of students. 

School districts maintain data about their student 
populations to monitor school performance. As might be 
expected, the data shows that student populations that are 
economically disadvantaged exhibit lower levels of academic 
success compared to more affluent student populations. This 
suggests that there may be inequities in school resources 
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and performance. To address this challenge, planners from 
consulting firm Parkhill and the Ector County Independent 
School District (ECISD) in Texas used AI methods and spa-
tial analysis to simplify strategies aimed at improving social 
equity, along with incorporating school districts as signifi-
cant partners in community planning. 

Part of the population in ECISD resides in areas where 
essential services—including water and sewage access, 
internet connectivity, and other important infrastructure—
have been neglected. Due to the increasing obstacles that 
families in these locations must overcome, these locations 
put student populations at a disadvantage. Even if these 
obstacles are not considered in the academic performance 
scoring matrix, they will still have an impact on school 
districts’ abilities to meet Texas Education Agency (TEA) 
performance criteria.

A spatial assessment of equity is a useful way to visual-
ize where a school district stands in terms of socioeconomic 
characteristics relative to locational factors. This example 
highlights the link between a school district’s socioeconomic 
status and its physical environment. In Ector County, the 
results of the spatial analysis showed a high degree of cor-
relation between the physical environment and the socioeco-
nomic burdens of a community. 

The Parkhill Planning and Analytics team used two al-
gorithms, random forests (RF) and K-means clustering (KM), 
to confirm the relationship between the socioeconomic strain 
on pupils in the district and their physical environment:

• Random forests (RF) is an ML technique that is used to
build predictive models by combining the predictions of
multiple decision trees (Figure 3.5). In an RF analysis, a
large number of decision trees are trained on a dataset and
used to make predictions. Each decision tree is trained
on a randomly selected subset of the data, and the final
prediction is made by averaging the predictions of all the
decision trees. RF analysis is often used for classification
tasks in which the goal is to predict the class or category
that a particular data point belongs to. It is considered to
be a very effective and reliable method for making predic-
tions and is widely used in a variety of fields.

• K-means clustering (KM) is an iterative algorithm that
tries to divide the dataset into K pre-defined subgroups
(clusters) that do not overlap and to which each data
point belongs only once (Figure 3.6). It tries to make the
data points inside each cluster as similar as possible while
keeping the clusters as far apart as possible. It puts data
points into clusters so that the total distance between
the data points and the cluster’s centroid (the arithmetic
mean of all the data points in that cluster) is the smallest.
The result assigns membership to each cluster or group.

Figure 3.5
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Figure 3.5. An example of a decision tree; random forest analysis makes predic-
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In this case, the application of ML involved training data 
to predict the classification of economically disadvantaged 
(ECODIS) or non-ECODIS categories for the student popula-
tion of this district, solely based on their physical location. 
Geospatial aspects such as proximity to floodplains, parks, 
schools, urban heat zones, or noise zones were used in the 
ML model, as well as a combination of all these (Figure 3.7). 

The resulting map shows three clusters defined by the 
K-means algorithm, which grouped similar areas based 
on the school district population characteristics and their 
geospatial burden of accessibility to assets and resources 
(Figure 3.8, p. 36). The model effectively predicted the ECO-
DIS category of the student population and identified which 
combination of variables had the greatest explanatory value. 
It also predicted the school district’s classification with an 
accuracy of 74 percent, meaning that physical environmen-
tal factors alone could explain nearly 75 percent of the varia-
tion in school district conditions.

In most school districts, families are asked to self-report 
their socioeconomic status. Over time, this self-reporting 
has been increasingly difficult due to low response rates; 
hence, the use of this methodology can help school districts 

target areas where enrollment and self-reporting are a priori-
ty. This is a household-level analysis that allows an examina-
tion of the proportion of predicted ECODIS students for the 
whole district. This information can then be used to balance 
ECODIS and non-ECODIS students by elementary-school, 
middle-school, and high-school attendance zones.

The most valuable information the school district gains 
from this prediction of ECODIS is which areas they need to 
focus on for requesting a self-reporting status. Care must be 
taken in applying ML in cases like this, however, because the 
model was trained using data that already contains socio-
economic inequities (i.e., bias). The clustering algorithm 
enabled the analysis to delve deeper into the population’s 
inequalities that are heavily influenced by geospatial factors.

Once an assessment is conducted, school districts 
(in collaboration with cities or communities) can prepare 
strategic plans to modify and improve boundaries based on 
fairness and equity standards. The data and results gener-
ated by the analysis also help to increase the transparency of 
the process being used by the district. 

This example of ML applications provides a strong 
analytic approach to assessing district boundaries that can 

Figure 3.7. Spatial vari-

ables used to identify 

locational disadvantag-

es in the ECISD analysis 

(Parkhill)



AMERICAN PLANNING ASSOCIATION  planning.org35

PLANNING WITH ARTIFICIAL INTELLIGENCE
PA S 604,  C H A P T E R 3

be conducted continuously. The first aspect focuses on data 
collection and data accuracy. It is challenging to obtain or 
maintain complete demographic datasets over time due to 
natural changes in household tenure. The second aspect is 
tracking district composition changes over time that can 
influence boundary configurations. The approach discussed 
addresses both of these issues with analytical tools.

(Special thanks to Julio Carrillo, aicp, from Parkhill’s 
Planning and Analytics team for providing information 
about this project.)

NATURAL LANGUAGE PROCESSING 			 
FOR PUBLIC INVOLVEMENT

It is a fundamental pillar of planning that those who live in a 
community have the right to participate by providing input 
on how their future will be planned. Because these individuals 
are the ones who live with the impact of plans, they should be 
included in every phase of the project, from conceptualization 
to implementation. Planners understand the close relationship 
between public participation and participatory democracy. 

Democratic systems rely on representative modes, as it 
would be cumbersome and ineffective for every member of 
society to participate fully and on an individual basis (San-

chez and Brenman 2013). Information and communications 
technologies (ICTs) can be used to lower barriers to infor-
mation sharing, resulting in stronger linkages and more 
rapid partnership and connection building. It is crucial to 
distinguish between the actions of the public (i.e., commu-
nity members) and governmental institutions to compre-
hend various points of view. Although this is a simplified 
approach, it highlights how those who are governed and 
those who are governing, as well as their intermediaries, use 
technology differently. 

The idea that cities can become more intelligent, con-
nected, and responsive to resident needs is one hope of 
using new ICTs as part of the public participation process 
(Afzalan, Sanchez, and Evans-Cowley 2017). The emphasis 
on community members highlights the potential of online 
participatory technology to enable residents to take an active 
role in determining the future of their cities. 

The transition from traditional planning approaches to 
the deployment of digital services marks a paradigm shift, 
not only for participatory methods but for the entire urban 
planning field. This new planning paradigm was described 
by Silva (2010) as a mix of two aspects: the broad use of 
ICTs and the involvement of numerous urban stakeholders. 
Under this planning paradigm, technology, particularly e-
participation tools, replaces in-person, verbal, or handwrit-

Figure 3.8. Assessment 
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ten public comments during community meetings with on-
line platforms, allowing for participation at any time, from 
any place, by anyone. This represents a potential revolution 
in capturing public input about planning matters because, in 
theory, anyone with access to the internet could participate.

As we all know, it is more complicated than that, and ex-
panding participation and gaining new voices are still chal-
lenges for planning organizations. Planners must continue 
to promote equitable participation and better incorporate 
the needs and perspectives of underrepresented community 
members in urban development plans. While the use of 
online platforms does open up public input opportunities for 
those who might not have had the ability to attend a public 
meeting in person, not all community members have access 
to the internet or digital devices, and planners must keep this 
in mind when working to achieve truly inclusive and acces-
sible public participation and engagement processes. 

This envisioned shift to online participatory technolo-
gy has been accelerated by the COVID-19 pandemic, which 
required replacing in-person public meetings with online 
platforms to accommodate the need for social distancing. 
Both virtual and hybrid meeting formats appear to be be-
coming the new normal, as is the shift from telephone and 
mail-in surveys to website feedback forms and social media 
polls. This growth in online public input opportunities 
is creating larger amounts of public input, and the ques-
tion—and challenge—is how to read, digest, and summa-
rize those comments, especially when they number in the 
thousands or millions. 

As discussed in Chapter 2, AI tools such as NLP, senti-
ment analysis, and topic analysis are being used for these 
specific purposes. Comments, questions, and suggestions 
from the public can be drawn from emails, comment boxes 
on websites, social media, or other electronic forms. The 
two main questions of interest are (1) what are the topics or 
themes of input? and (2) is the sentiment expressed positive, 
negative, or neutral—or somewhere along that continuum? 

Depending on the level of recruitment involved for 
public input, coordinated and focused comments can start 
to take the form of “crowdsourcing,” a concept popular-
ized by Jeff Howe from Wired magazine (Howe 2006). 
The notion of the “wisdom of the crowds” or collection 
intelligence is very applicable to urban planning problems 
(Afzalan and Sanchez 2017), which the City of Long Beach, 
California, is discovering, as described in the case study 
example below. 

NLP can also be used to support inclusive participa-
tion of underrepresented populations, which may have 

cultural differences in language such as slang and dialect. 
Each dialect has its own unique set of words and phrases, 
as well as syntax and grammar. Dialects can affect the 
accuracy of NLP algorithms, as algorithms may struggle 
to recognize words, phrases, and grammar from differ-
ent dialects. But with proper training, NLP algorithms 
can learn to recognize, understand, and communicate in 
different dialects, opening up a wide range of engagement 
opportunities. The example provided in the sidebar on  
p. 37 highlights work using NLP being done in New Zea-
land with Indigenous populations.

Sentiment Analysis in Long Beach
In late 2019, the City of Long Beach, California’s Technol-
ogy and Innovation Department (TID) issued a Start Up 
in Residence (STIR) challenge (now called the Smart City 
Challenge) to crowdsource resident feedback. Community 
engagement software provider Zencity submitted a successful 
proposal for the pilot opportunity, which started in February 
2020. The TID then received approval from the city council 
to enter into a contract. It continues to manage the program, 
which is currently used by more than 14 City departments. 

In its crowdsourced resident feedback program, the 
City uses sentiment analysis on input drawn from a broad 
range of sources, including not only social media (such as 
Twitter) but also news sites and Long Beach 311 (Pignataro 
2021). As a result, it reflects the interests and the sentiments 
of residents who contribute using these modes. Addition-
ally, to focus on the conversations of residents, tweets are 
filtered with selected keywords to exclude those not origi-
nating from the Long Beach area that may reflect regional 
or national dialogue. The sentiment analysis only includes 
comments expressed on fully public platforms.

Data is collected from all social media interactions 
(posts, tweets, likes, comments, shares, retweets, etc.) as 
well as communications from city hotline sources. The total 
number of interactions shows the level of interest in a topic 
as expressed by community members who provide their 
opinions. The platform categorizes comments and interac-
tions by topic and sentiment—positive, negative, or neu-
tral—which reflect levels of satisfaction or unhappiness with 
specific aspects of the city. Using this methodology quanti-
fies the attention or interest that particular situations garner 
and evaluates how community members viewed these issues.

In 2021, nearly 5,360,000 interactions were analyzed, 
with 98 percent obtained from social media (e.g., Facebook, 
Twitter, and Instagram), one percent from local media 
websites, and one percent from city hotlines (311). Although 

https://www.longbeach.gov/smartcity/pilot-programs/smart-city-challenge/
https://www.longbeach.gov/smartcity/pilot-programs/smart-city-challenge/
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COMMUNICATING WITH MINORITY POPULATIONS IN NEW ZEALAND

Public engagement of Indigenous people takes an additional 
level of effort in translating and understanding both language 
and culture. The quality of these translations is very important to 
communicate respect and goodwill. A focus of the AI platform 
FranklyAI is the revitalization of Indigenous languages. Users of 
the platform take a lot of pride in their language and culture. 

Translations must be of high quality for users, especially 
for individuals wanting to learn these languages. This can 
involve translating technical terms that do not exist in Indig-
enous languages. In these instances, close work is required to 
make sure that any terminology adequately captures the con-
cepts while remaining as transparent to the users as possible. 
Further, conversation style and flow are unique to each lan-
guage, so a particular effort is needed to ensure conversations 
are as natural as possible. Engaging and accurate conversation 
is only achieved through cultural co-design.

In New Zealand, the FranklyAI team worked with the Uni-
versity of Auckland to develop multilingual and multicultural 
equivalents of their English student services virtual assistant in 
te reo Māori, Gagana Sāmoa, Tongan, Vietnamese, and Man-
darin. The team developed multiple AI skills to complement 
existing virtual assistants and cater to a wider range of the 
university community through multilingual capabilities. The 
non-English virtual assistants engage with users in culturally 
appropriate ways while maintaining the same capability as 
the English assistants. 

There are important concepts in te reo Māori and 
other Indigenous languages that do not have direct English 
translations. Engaging in native dialects allows Indigenous 
speakers to engage confidently, be heard, and improve their 
experience navigating large amounts of university-specific 

information. As a public institution, the University of Auckland 
is required to provide accessible resources in te reo Māori, as 
well as actively promote and incorporate te reo and Tikanga 
Māori through all of its activities. 

Another FranklyAI project focused on developing a pub-
lic consultation conversational agent tailored to Sāmoans and 
the wider Sāmoan community. This agent, named Tala, fea-
tures full support for conversations in the Sāmoan language 
through the use of real-time language translation. This allows 
clients to continue developing Tala in English, while end users 
can fluently converse with the agent in Sāmoan.

The Sāmoan language has two ways in which people 
may converse—traditional Sāmoan, which is used in more 
formal situations, such as speaking to elders, and more com-
mon modern-day conversational Sāmoan. For this conver-
sational agent, it was important to maintain a respectful and 
appropriate tone so as not to offend anyone, but also to keep 
the language as informal as possible so that the conversation 
feels real and natural.

A particularly innovative aspect of this approach is the 
emphasis on a conversational tone and style that mimics 
person-to-person conversation, rather than a rigid and imper-
sonal survey form. Survey questionnaires are the traditional 
approach to public consultation, but it can be challenging to 
recruit participants. When a combination of fluency, transla-
tion, and a human touch can be used, experience has shown 
that gathering personal opinions and insights can be much 
improved compared to impersonal survey formats.

(Special thanks to Matthew Ensor from FranklyAI and 
John Duffy from Beca for providing information about 
this project.)

one percent may seem like a small proportion, in this case, it 
represents nearly 54,000 comments or items of information 
included in the analysis. Figure 3.9 (p. 38) shows the leading 
topics for 2021, and as might be expected, public health 
was at the top. Figure 3.10 (p. 38) shows a summary of the 
sentiment analysis of public comments. Topics can also be 
tracked over time to gauge changes in public perceptions.

The City used the results of the sentiment analysis to 
support multiple phases of FY 2023 virtual budget town 

halls by providing a synthesis of the qualitative data (e.g., 
open-ended comments, public remarks, etc.) received from 
the engagement process. The City also crowdsourced resi-
dent feedback on COVID-19 vaccination messaging around 
safety and effectiveness by analyzing public social media 
posts. The insights from these analyses proved significantly 
valuable and were forwarded to various city stakeholders to 
inform decisions regarding the rollout and distribution of 
the vaccine, hesitancy surrounding the booster, and inocula-

https://frankly.ai/
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tion for children. Using this information, the City of Long 
Beach Health Department was able to adjust its messaging 
when it determined that messaging was not resonating with 
community members. The City was also able to communi-
cate the safety of the vaccine to residents, clarify informa-
tion about the booster and its efficacy, and address concerns 
about the safety and necessity of inoculating children.

This approach to determining public sentiment is not 
without challenges. AI applications can be used to generate 
content that mimics public input but instead is intention-
ally biased to skew results that are based on frequency and 
sentiment (such as those shown in Figures 3.9 and 3.10). 
Such schemes could involve bad actors flooding public input 
channels with many AI-generated messages supporting 
or opposing a development proposal to influence plan-
ning commissions or city councils as they decide the fate of 
development proposals. Planners will need to be aware of 
the potential for the use of AI to spread misinformation and 
stay abreast of developments in measures to counteract this 
threat through verification of sources, use of AI-generated 
content detectors, and ground-truthing through face-to-
face engagement of community members. These issues are 
discussed further in Chapter 4. 

(Special thanks to Ryan Kurtzman, Smart Cities Man-
ager, and Lea Eriksen, Director of Technology and Innova-
tion and Chief Information Officer, City of Long Beach, for 
providing information about this project.)

NEURAL NETWORKS

As discussed in Chapter 2, artificial and deep neural net-
works (NNs) are methods for identifying patterns and mak-
ing predictions based on those patterns. Similar to multiple 
regression analysis, the inputs are a set of characteristics (or 
variables) and the output is a set of predictions. 

The most commonly applied regression technique in 
planning analysis, ordinary least squares regression (OLS), 
bases predictions on linear correlations. Because the rela-
tionships between complex urban systems are rarely linear 
and usually based on the interaction of several variables at a 
time, OLS may not be the best analytical approach. Howev-
er, NNs are complex, nonlinear models that can be difficult 
to interpret and explain. While NNs can often achieve high 
accuracy on a given task, understanding the specific rela-
tionships between the input variables and the output is more 
difficult compared to OLS.

Though few planning departments seem to have yet 
integrated NN applications into their everyday work-
flows, there is currently a significant amount of academic 
research using NN methods for urban planning that may 
hold promise for better predictions and modeling in areas 
such as transportation, land use, and urban design. The 
following examples are drawn primarily from academic 

Figure 3.9. Discourse summary of topics from the 2021 City of Long Beach senti-

ment analysis (City of Long Beach)

Figure 3.10. Percentages of positive (green), negative (red), and neutral (gray) senti-

ment from the 2021 City of Long Beach sentiment analysis (City of Long Beach)
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research and are expected to be adopted by practitioners as 
planners acquire the necessary knowledge and skills about 
these methods.

Transportation 
Many types of questions involved with urban transportation 
planning have been analyzed with NN methods. One reason 
is that transportation activities generate a lot of data that 
is easy to capture. This includes vehicle counts, passenger 
counts, travel distances, trip origins, and trip destinations. 

Transportation infrastructure is mostly made up of 
linear features such as roadways and transit routes, but for 
analysis purposes, these are often converted into grids, with 
each cell representing locational characteristics and spatial 
relationships (Figure 3.11). For example, a cell may indicate 
that it has a transit route or stop located in it, and one attri-
bute is the number of jobs within a specified distance of that 
cell. This is done by querying adjacent cells for this informa-
tion and associating it with the cell having the transport 
feature of interest.

Not only can planners use NN to analyze transporta-
tion data to detect travel impacts, but the richness of data 
that NN applications can evaluate can also be used to in-
form the design or modification of street networks or public 
transit routes to better accommodate these travel patterns. 
Examples of recent transportation-related research using 
NN include the following:

•	 Street network design. Researchers have used a variety 
of NNs, including deep learning NNs, convolutional NNs 
(CNNs), and recurrent NNs (RNNs), using data on street 
performance along with associated land-use information 
(transport features, land-use types, density, topography, 
etc.) to design, evaluate, and modify street alignments 
and corridors (see Barreda-Luna et al. 2022; Fang et al. 
2022; Tu and Zhang 2022). 

•	 Disaster and evacuation route planning. Research-
ers are accessing large datasets with both historical and 
current features and applying them to all aspects of 
emergency preparedness and response. Both timely and 
accurate information and quick and effective coordina-
tion across the responding entities are essential (see Aqib 
et al. 2020; Chen et al. 2022; Ortiz et al. 2020). 

•	 Health and safety. Transportation analysis needs extend 
beyond designing and evaluating physical infrastructure 
improvements and mobility outcomes. Researchers are 
using NNs to assess environmental impacts, such as air 
quality, as well as safety concerns, such as collision risk, 

resulting from urban transportation investments (see 
Abduljabbar et al. 2019; Cai et al. 2019; Iyer 2021). 

•	 Social equity. There are significant ethical issues with 
ML. Numerous studies have discovered that ML algo-
rithms can give worse prediction results for underprivi-
leged groups like low-income populations, women, and 
racial minorities, which can result in discriminatory 
treatment of these groups (see Khan, Adnan, and Iqbal 
2022; Newell 2022; Zheng, Wang, and Zhao 2021). 

As evidenced, transportation is a multifaceted area 
highly interconnected with other planning topics and 
concerns. These examples highlight the many ways planners 
could use ML and NN methods to perform assessments and 
make predictions to benefit planning processes and improve 
transportation options and operations in communities. 

Land Use
Land use is another area of planning that has used NN and 
ML approaches for many years, as very large amounts of land-
use data can be collected for analysis and modeling purposes. 

Land use and land-use change are typically studied 
through earth observations, remote sensing, and field mea-
surements, all of which allow for monitoring and quantifying 
changes in land-use patterns at local, regional, and global 
levels (MohanRajan, Loganathan, and Manoharan 2020). 
Besides earth observation and remote sensing techniques, 
which require advanced satellite equipment and expert 
knowledge for data interpretation, researchers are now using 
land-use change modeling approaches. The United States 

Figure 3.11
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Figure 3.11. Example of a gridded model for road network design (Thomas 
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Geological Survey (USGS) is an excellent source for this data. 
In addition to raw imagery data, USGS also provides pro-
cessed data, such as its Land Use/Land Cover dataset.

Land-use change models provide representations and 
strategies that can help analyze, understand, and assist in the 
planning and management of land and natural resources. 
Many such models are based on inductive approaches, which 
start with studying the observations and then developing 
explanations. These models are often based on a suite of 
explanatory variables that contribute to the change process. 
However, the main factors of land-use change are directly 
related to human interactions and decision-making processes 
that are often difficult to accurately model and predict.

Figure 3.12 shows an example of a land-use change 
model in which each grid cell on a map contains informa-
tion about the input layer variables of slope, density, eleva-
tion, and accessibility, as well as the type of land use that oc-
curred between 2003 and 2015 (Gharaibeh et al. 2020). These 
independent variable inputs (X1–X5) predicted whether a 
change occurred or not (1, 0) or what type of change oc-
curred (land-use type) as the dependent variable output. 

Because most of this data is derived from satellite imag-
ery, the amount of data may be limited by the resolution of 
the imagery or the unit of analysis for reporting purposes. 
The results of the NN are the weights (similar to regression 
coefficients) among the input variables and the resulting 
land-use change type. The trained model can then be used to 
predict the future state of each grid cell based on trends over 
a specified time period.

Urban Design
Economic, ecological, social, and mobility factors are just 
a few of the numerous criteria that influence urban design 
solutions. The need to account for this wide variety of ele-
ments that interact with one another presents a challenge 
for urban designers.

Because the outcome of an urban development project 
affects many aspects of daily life, the objective is to arrive at 
the best possible design. The challenge is specifying the pa-
rameters that will ultimately determine the best solution for a 
certain type of design project. There are many kinds of rules, 
and they can be based on anything from local ordinances to 
common knowledge to a person’s appreciation of beauty.

The design of an entire city block is an example of a 
challenge that includes many variables. This includes the 
composition of open space and the interactions of buildings 
with the open space, the urban block itself, and the build-
ings of the neighboring blocks. Understanding the city’s 
block typologies, as well as the surrounding area (including 
streets, squares, and any nearby railways), is essential for 
block design. Further, the block should fit in naturally with 
the surrounding urban environment, which necessitates 
thinking about the layout and building styles of neighbor-
ing blocks (Zheng and Yuan 2021). However, defining all of 
these requirements for block design is challenging.

Generative adversarial networks (GANs) allow NNs to 
harness their ability to learn visual information indepen-
dently to generate new content. This is not too different from 
content creation with a language model using NLP. In this 
case, the “text” is images and designs that can be fit together 
based on common characteristics such as the physical di-
mensions, the types of surrounding land uses, and the visual 
appearance of building types. The fundamental benefit of 
using this method for generative design is that it provides 
examples or alternatives from a large collection of examples. 
The algorithm learns the visual aspects that determine the 
existing city’s structure and then can suggest designs such as 
city block patterns emulating this structure. Figure 3.13 (p. 
41) shows how OpenAI’s DALL-E can create urban design 
scenarios using such methods. In the future, 3D models such 
as those in “digital twins” could be applied to design genera-
tion in the early design steps (Batty 2018).

CONCLUSION

During the early development of AI applications in urban 
planning, researchers sought to create powerful optimiza-
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Figure 3.12. A neural network model for land-use change (Thomas Sanchez)

https://www.usgs.gov/special-topics/land-use-land-cover-modeling
https://openai.com/product/dall-e-2
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tion tools that could help to synthesize human approaches 
with expert systems. For a variety of reasons, many of these 
innovations were never used widely in planning practice. 
There remains a substantial need in developing innovative 
approaches to the understanding and development of more 
sustainable and equitable urban places. 

The examples discussed in this chapter illustrate a variety 
of new approaches that are being used by planners and devel-
oped by planning researchers. The breadth and depth of AI 
applications for urban planning will continue to increase with 
time as these applications are tested, improved, and become 
more widely used. Like the adoption of geographic informa-
tion systems (GIS) in urban planning, the adoption of AI tools 
will be incremental as skill development occurs through pro-
fessional training and university urban planning programs. 

Also like GIS, more data will become available and more 
platforms will be developed to facilitate usage. Forward-look-
ing public agencies will also focus on better integrating de-
partments and functions of government to increase efficiency 
and enhance the intelligence of their operations.

Planners can use the examples in this chapter to think 
about how AI applications might be useful to them in 
their planning work, but they will likely face challenges 
in implementing new AI approaches in their day-to-day 
workflows. The next chapter outlines the main challenges 
to AI implementation and offers guidance on how to over-
come those challenges.

Figure 3.13. New York 

City’s traffic-clogged 

Brooklyn–Queens Ex-

pressway as reimagined 

by DALL-E (created by 

Zach Katz using DALL-E)
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The potential of artificial intelligence (AI) methods for planning was first recognized in the late 1950s and early 1960s, though 
further adoption progress was constrained by the absence of relevant data about urban places and processes. This situation 
is rapidly changing due to the digitalization of formerly analog transactions as well as the implementation of sensors that 
monitor movement patterns, land-use changes, energy usage, and other types of information relevant to planning and urban 
dynamics. Given the enormous growth in data collection, accelerated processing, and growing acceptance of AI techniques, 
now is the time for planners to learn about these innovative approaches. 

The adoption of new technologies is often less disrup-
tive than might be anticipated because it is usually a gradual 
process that occurs incrementally. Consider geographic 
information systems (GIS), possibly the most significant 
technological advancement for planners of the past few 
decades. The use of GIS has progressed from the creation 
and updating of maps by specialized GIS technicians to 
the relatively sophisticated spatial analysis now available 
to anyone with access to a smartphone and GIS applica-
tions. This has taken place gradually over many years and 
has positively transformed the practice of planning with 
minimal negative disruptive impacts. The adoption of AI by 
planners could follow a similar path. 

All new technologies have their challenges and potential 
barriers to adoption. But by proactively identifying those 
challenges and finding solutions to potential negative dis-
ruptive effects, planners can help usher in the benefits that 
new technology can bring to planning practice, the planning 
profession, and their communities. 

As discussed in this report, AI is a set of many tools, not 
a single platform or application. It is already integrated into 
many types of software, including word processing, email, 
spreadsheets, and GIS. While there will likely be new stand-
alone AI applications or platforms developed for planners, 
most will be layered onto existing software or easy-to-access 
web-based platforms. However, as with statistical methods 
used for making predictions, planners will need to know 
the underlying assumptions and be able to communicate 
the reliability of results. In some cases, new approaches to 
planning problems may be very different from those used 

in the past. These methods will involve new training and 
educational efforts.

This chapter addresses the challenges associated with 
the adoption of AI technology by planners. Seven challenges, 
in particular, will impact how quickly and efficiently urban 
planners will implement AI:

•	 Fear and uncertainty
•	 The need for new skills
•	 Changing data needs and considerations
•	 Unclear goals
•	 Incorporating transparency and explainability
•	 Encountering bias
•	 Addressing ethical issues that may arise with new meth-

ods and data 

The chapter explores each challenge and provides 
suggestions to help planners and planning organizations 
understand each of these. 

FEAR AND UNCERTAINTY

Fear and uncertainty are inevitable during the transition to 
new technologies along the road to digital transformation. 
Though fear can be an effective decision-making motivator, 
it can also deter us from making big changes or from taking 
actions that might be advantageous in the long run. Anxiety 
can be a warning indication of a potentially poor choice, 
signaling that the suggested course of action has a sizable 
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risk. If a planning department is considering adopting AI 
technologies, it is therefore important to make sure that staff 
are fully informed about AI methods and involved in assess-
ing perceived risks to adoption. At the same time, planners 
and administrators should be prepared to address apprehen-
sion on the part of the public as stakeholders in the planning 
process (Yigitcanlar et al. 2022).

How can we tell when our anxieties are well-founded 
or whether they are being fueled by unrelated factors? The 
answer to this question lies in analyzing and understanding 
the source of the fear. Adoption anxiety is generally shaped 
by three related types of fear: fear of making the decision, 
fear of the unknown, and fear of failure (Hindle 2021; Rog-
ers, Singhal, and Quinlan 2014).

When faced with important decisions, our fear of the 
consequences of making the wrong choice can cause us to 
take no action or minimize the advantages of innovation. 
Making such decisions can be particularly challenging when 
we are forced to step outside of our comfort zones. Choos-
ing from a list of consultants and solutions can be daunting. 
Understanding an organization’s features, the dangers of 
doing nothing, and the risks of various potential solutions is 
crucial as we move through the decision-making process. 

It is critical to clearly outline the project’s goals and the 
benefits of applying AI in that situation and to evaluate the 
risk of not achieving those goals. This enables an organization 
or individual to weigh prospective technology risks against 
the initial prospects or rewards that led them to pursue the 
project. After that, cooperation with knowledgeable staff or 
consultants to methodically address and reduce any dangers 
that the technology may introduce can help to take advantage 
of the opportunity. This includes deconstructing the broader 
decision into a process that is analytical, fact driven, and 
focuses on the opportunity balanced with the risk. 

When something is unfamiliar to us, we may focus on 
the dangers involved with the change rather than the haz-
ards associated with our inaction. To solve this, we should 
fully understand the innovation or technology under con-
sideration. It is important to comprehend the big picture in 
addition to providing technical answers to specific concerns. 
The challenging process of digital transformation neces-
sitates the support of administrators, managers, and staff, as 
well as considerable IT and operator retraining. Therefore, it 
is crucial to consider not just the technological component 
but also the operational and human components. Even when 
we have a high-level understanding of how the solution is 
supposed to function, embracing new technology can be de-
manding. Fortunately, competent technology providers are 

aware of this and should offer thorough support for commu-
nication, transition, collaboration, and training.

The fear that a new technology will not succeed may be 
further divided into three categories: concerns that (1) the 
technology will not be established, (2) the technology will 
not work for a particular use case, or (3) the transition to or 
adoption of the technology will not proceed smoothly. As 
described in the prior scenario, it is again critical to quanti-
tatively assess the technology in light of the advantages it can 
bring to a planning organization or project. It is also vital to 
understand the implementation goals as they relate to orga-
nizational value and determine why the change is needed for 
the optimum strategy. Innovation should be assessed based 
on the quantifiable rewards as well as the softer benefits. 

Also, when we lack the necessary expertise, adopting 
new technology can require further consideration. Finding 
out where each component is in the adoption or maturity 
cycle, both within and outside of the planning application 
or sector, can help to allay worries about the reliability and 
effectiveness of a possible solution. Testimonials and live 
demonstrations can also help. Speaking with others who 
have been through this process is also beneficial to learn 
what has and has not worked for them. There is a reason we 
might be reluctant to be early adopters, but thankfully most 
significant automation technologies have already seen their 
first, second, and third adopters.

For all stakeholders who will be impacted, effective 
communication is essential for the diffusion of innovations. 
Managers should put themselves in the position of their staff 
and consider how the adoption of new technology will affect 
their day-to-day activities, both positively and negatively. 
Leaders should also identify any supporters and detractors of 
the new technology. Internal champions are essential for pro-
moting new technologies, and they are frequently those who 
are closest to the day-to-day activities of individual plan-
ners or staff. The change will go more smoothly if the main 
advantages and justification for new technology are commu-
nicated, especially to the doubters. Buy-in does not happen 
when technology is pursued simply for technology’s sake.

LACK OF SKILLS

The digitalization of urban planning is requiring planners to 
learn new skills. But AI is not the only driver of this change. 
Today’s workplace is in a constant state of change with new 
technologies, changes in workplace culture, and evolving 
business practices. For many professions, the COVID-19 
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pandemic required the rapid adoption of video conferenc-
ing technologies and protocols to accommodate remote 
work, and electronic alternatives quickly replaced in-person 
contact. By necessity, we managed to learn new technolo-
gies quickly, some of which replaced long-standing previous 
practices. Updating skill sets to keep up with such changes is 
becoming a given. 

The adoption of AI will differ among planners depend-
ing on their roles and responsibilities. It may include learning 
new AI-related terminology, software packages, program-
ming languages, advanced statistical methods, and other 
AI-related concepts as discussed in this report. Upskilling to 
learn and maintain these skills will be an important element 
of adopting these new methods (Andrews et al. 2022). 

In addition to learning some of these AI-specific skills, 
planners will increasingly need to be conversant in other 
urban technology applications, such as those being used to 
create smart cities. Technology investments in infrastruc-
ture, the Internet of Things (IoT), and other technologies 
will transform how urban places function and therefore will 
be factors in how cities are planned and managed. To stay 
relevant in a changing world, planners will need to know 
about these technologies and be prepared to engage with 
other disciplines involved in shaping the urban landscape, 
such as civil engineers, architects, landscape architects, and 
public administrators. 

Though most planners will not be directly involved with 
developing or working with new AI applications, they may 
be engaging with technologists, such as computer scientists 
and application developers, to help them do so. As new 
urban technologies are being implemented, planners should 
have seats at the table to represent the interests of commu-
nity stakeholders as well as promote connections to better 
understand urban futures.

The readiness of planners to adapt and best use these 
new technologies is a crucial factor at this point. There are 
at least three factors involved in this: (1) the ability of AI 
now and in the future to have a significant impact on urban 
social and constructed environments, (2) the ability of AI 
now and in the future to meet planners’ needs, and (3) the 
readiness and ability of planners to use AI technologies. The 
first of these is supported by research, and the second will 
emerge as we see planners embracing new tools. Last, but 
not least, whether planners employ AI in their work will be 
greatly influenced by their existing degree of awareness and 
expertise in the field. 

The successful implementation of these new methodolo-
gies will require new expertise in data analytic techniques 

and information systems, which has immediate implications 
for planning practice. Both internal and external elements, 
such as the knowledge and skill sets of new employees (i.e., 
young planners), will play a role in the adoption process 
for planning organizations. Upskilling might take place 
through training exercises for experienced planners, perhaps 
led by newly hired employees who bring these abilities into 
an organization. 

The adoption of new digital technology also entails in-
vestments in new computer equipment and systems, as well 
as human resources. It is important to evaluate the potential 
benefit, which will also depend on how many current proce-
dures will be disrupted or altered. 

UNCLEAR GOALS

When an organization makes investments in employee 
training, new data, and perhaps new hardware to implement 
AI technologies, it must also practice effective performance 
management. As previously mentioned, the primary pur-
pose of adopting AI is to increase efficiency and analytical 
productivity. New approaches that involve investments of 
organizational resources (i.e., time and money) should be 
carefully planned for and therefore have an expected return 
on investment. 

Fairfax County, Virginia, offers an excellent example 
of IT planning and governance (Fairfax County 2022). The 
county has a “planning and land use system moderniza-
tion” initiative, which “supports County plans to advance 
economic development and competitiveness, enhance busi-
ness processes, provide better customer service, and achieve 
increased reliability in plan review, approval, permitting, 
and inspections” (Fairfax County 2022, 18). In this case, the 
County has strategically linked the performance of system 
enhancements to overall competitiveness. 

One of the main performance concerns that prevents 
effective management is a lack of clarity regarding what has 
to be accomplished. Planners have extensive knowledge and 
experience with this subject through their experiences in the 
comprehensive planning process. An ambiguous vision and 
unclear objectives lead to projects with no expectations and 
leadership for which it is impossible to create performance 
measures. Without specified objectives, it is impossible to 
define what constitutes effective performance.

It is recommended to start with a distinct vision for the 
use of AI (as discussed in Chapter 5), as well as organiza-
tional goals to optimize its use by staff. Together with long- 

https://www.fairfaxcounty.gov/informationtechnology/it-plan
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and short-term objectives, the vision and goals should be 
communicated to staff clearly and frequently. Coordinated 
oversight and evaluation of AI use within the organization is 
also important to ensure goals are being met, aims are being 
achieved, and budget resources are appropriate. Technology 
should never be implemented simply for technology’s sake, 
and AI is no exception to this principle.

DATA NEEDS

Urban planning has a tradition of being data-hungry for 
the many types of analysis that are used in the plan-making 
process (Boeing et al. 2021) and data is critical for effective 
AI implementation. Three primary factors are data volume, 
quality, and management. 

One of the biggest obstacles to AI implementation is the 
lack of sufficient high-quality data (Roh, Heo, and Whang 
2019). Algorithms can often require thousands or millions 
of observations. A model risks poor performance when ad-
ditional data is added if it is initially trained on inadequate 
amounts of data. Planning relies on information about 
people and households, as well as their behaviors, which 
usually comes from a combination of federal, state, and local 
data. In some cases, the data will need to be anonymized, 
which is standard practice for data collected by the U.S. 
Census. This includes approaches such as “data swapping,” 
which transfers data points from one observation to another, 
increasing security but potentially decreasing the value of 
the data for analysis to draw conclusions about real-world 
situations (U.S. Census Bureau 2021). 

Potentially using more finely grained disaggregated data 
for AI models means running the risk of infringing on per-
sonal privacy rules that will constrain the availability of data. 
In the United States, the General Data Protection Regulation 
(GDPR), Payment Card Industry Data Security Standard 
(PCI DSS), Health Insurance Portability and Accountability 
Act (HIPAA), Federal Information Security Management 
Act of 2002 (FISMA), Family Educational Rights and Pri-
vacy Act (FERPA), and Gramm-Leach-Bliley Act are just a 
few of the laws that forbid the use of confidential or sensitive 
information (i.e., personally identifiable information, or PII) 
as input for machine learning (ML) models (Moallem 2018). 
While urban planners have not often used credit card, health 
care, or educational data in the past, the increasing ubiquity 
of data collection and its commercialization will require 
ethical decisions about the appropriateness of certain data 
that may reveal personal identities.

Data quality and integrity can be a challenge as well. 
Any data that an ML model reads will be used to inform 
its assumptions. If the data is inaccurate or incomplete, the 
rules produced will be fundamentally flawed. Training data 
must accurately reflect the population by including data sets 
that represent every demographic category. According to 
several studies, dark-skinned females are mistakenly identi-
fied by facial recognition 40 percent more frequently than 
white males (U.S. GAO 2020). Nonrepresentative training 
data sets are mostly to blame for this. Even if the data is 
inclusive of all demographic groups, it may still suffer from 
being incomplete or out of date.

Compounding this challenge is that many planners 
are not effectively trained in the basic elements of data 
management (Batty 2021). Without effective IT manage-
ment practices, planning organizations can find it difficult 
to answer basic questions, such as how many databases 
an organization has, which database contains a particular 
piece of information, or how data was originally collected. 
Within organizations, siloed functional groups and poor 
communication create challenges for sharing data resources 
with coworkers, particularly for policy makers and admin-
istrators. Given that AI techniques rely heavily on data, 
these are serious issues. Organizations that lack the tools to 
understand and manage their data will find it more difficult 
to benefit from AI.

Public agencies struggle to deploy and manage AI sys-
tems because their staff lack fundamental data management 
skills (Sarker, Wu, and Hossin 2018). Data governance and 
management practices should extend beyond IT depart-
ments to planning staff so they can better use and protect 
data assets. Though the learning curve for data administra-
tion is manageable, it is far more difficult to acquire the 
necessary abilities to create AI solutions. Planning organiza-
tions may need to prioritize the recruitment of planners with 
AI training and expertise. 

TRANSPARENCY AND EXPLAINABILITY

Transparency in the public realm can be a challenge, and 
it has several facets. For AI, the main priority for planners 
should be being open about the use of AI for making predic-
tions, recommendations, or decisions (Gaur and Sahoo 
2022). Transparency also involves enabling users to under-
stand the elements of an AI system. The ability to deliver 
clear, relevant information regarding the outputs of an AI 
system and the justification for its use is another example of 
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transparency, as is the facilitation of open, multistakeholder 
conversations and the creation of specialized organizations, 
where required, to promote public understanding and ac-
ceptance of AI systems.

Because AI and ML models may be too technically 
challenging to be practical or helpful for understanding an 
output, transparency generally does not include disclosing 
source code or sharing proprietary datasets. Source code 
and datasets could also be considered intellectual property, 
which has its own types of legal protections. 

Enabling those who will be affected by the output from 
an AI-based decision to understand how it was reached is 
referred to as explainability. This requires giving stakehold-
ers simple-to-understand information that will allow those 
who are negatively impacted to contest outcomes, and, when 
possible, the causes and logic that led to those outcomes. For 
some AI systems, requiring explainability may negatively 
impact accuracy, performance, privacy, and security, as it may 
necessitate condensing the solution variables to a set small 
enough for humans to understand, which may not be optimal 
in complex, high-dimensional problems. This may not likely 
be the case for many planning-related analyses, however.

The main factors in a decision; the data, logic, or 
algorithm behind the specific outcome (Wright 2019); or an 
explanation of why similar-looking circumstances gener-
ated different outcomes may all be included when AI actors 
explain an outcome in clear and simple terms, as appropri-
ate to the context. If applicable, personal data protection 
standards should be respected while allowing people to 
understand and contest the conclusion.

BIAS

Human biases have been extensively studied, from field 
experiments that show how much these biases may influ-
ence results to other tests that show the prejudices we do not 
realize that we have. The extent to which these human biases 
can infiltrate AI systems and cause detrimental outcomes 
has become a topic of discussion in society over the last few 
years (Roselli, Matthews, and Talagala 2019). These hazards 
are important considerations for organizations considering 
the adoption of AI systems.

AI can assist in identifying and minimizing the effects 
of human biases, but it also has the potential to exacerbate 
the issue by systematically introducing biases into sensitive 
application domains. Algorithms are susceptible to bias 
in several ways, even when sensitive factors like gender, 

ethnicity, or sexual orientation are accounted for (Roselli, 
Matthews, and Talagala 2019). Even large amounts of ac-
cumulated training data can be incomplete or inaccurate, re-
flecting previous poor decisions or biased analyses resulting 
from historical conditions. 

We are all susceptible to and responsible for combating 
bias. Not only does bias harm those discriminated against, 
but it also harms everyone else by limiting people’s participa-
tion in the economy and society. As a result of fostering dis-
trust and delivering skewed results, bias lowers AI’s potential 
for use in government, business, and society in general. 

As complex as deep learning models can be, however, it 
should be noted that the human brain is the ultimate “black 
box.” Humans can exaggerate or not even be aware of the 
reasons why they made a particular decision or selected a 
specific alternative. It may be nearly impossible to detect the 
source or type of bias in a human brain, while the logic and 
data used by computers can be carefully analyzed. 

Solutions to combating bias involve expanding aca-
demic study regarding AI prejudice in urban planning and 
public policy, and carefully considering the many ways that 
AI may supplement our current methods of making deci-
sions. We can improve AI decision-making by using models 
that are meticulously constructed to avoid past biases. It is 
also important to immediately resolve any instances we wit-
ness of bias in AI. There may be no easy fixes in these cases, 
however. Defining and assessing “fairness” is exceedingly 
difficult. Researchers have devised technical definitions of 
fairness, such as mandating that models have similar out-
come values across socioeconomic groups (Corbett-Davies 
and Goel 2018). Different fairness criteria typically cannot be 
satisfied at the same time, which is a considerable challenge.

Researchers have also made strides in strategies that 
can improve how AI systems match fairness requirements 
and metrics, whether by preprocessing data, reviewing 
results, or embedding appropriate and transparent rules as 
part of the data training process (Corbett-Davies and Goel 
2018). “Counterfactual fairness” is a method that ensures a 
model’s conclusions would be true even if sensitive char-
acteristics like race, gender, or sexual orientation were 
modified (Kusner et al. 2017). This approach can be used 
in complex situations in which some impacts from sensi-
tive qualities that affect outcomes are viewed as fair, while 
others are viewed as unfair. The model could be used, for 
instance, to ensure that an applicant’s race had no bearing 
on whether or not they were approved for a mortgage, while 
still allowing the lender to include race as demographic 
information for later reporting.
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It is also necessary to determine when a system is 
deemed fair for use by deciding under what circumstances 
automated decision-making can be permitted (Araujo et 
al. 2018). In some cases, “human-in-the-loop” algorithms 
or AI system responses, which include human intervention 
or review, will be needed to maintain control or oversight, 
especially in unusual circumstances that may not have 
significant machine intelligence to draw upon. These issues 
call for interdisciplinary approaches from planners, engi-
neers, designers, ethicists, and social scientists. This can be 
problematic in the case of planning, where political forces 
influence decision-making.

Some basic steps are recommended to address potential 
ethical concerns relating to bias. Planners should keep up 
to date on the ethical dimensions of rapidly evolving urban 
technologies, including AI, which are being continuously 
uncovered as more and more such applications are being 
implemented. In addition, planners and planning organiza-
tions can create accountable procedures that help reduce 
prejudice when they use AI, including the use of technical 
tools or operational techniques such as oversight commit-
tees or external evaluations. The sidebar on p. 49 offers 
additional suggestions, resources, and best practices for the 
responsible and ethical use of AI.

Ongoing organizational discussions about poten-
tial biases in plans or analyses can increase awareness to 
determine whether particular decisions were fair. We can 
now hold people to higher standards because we have more 
sophisticated techniques for checking for bias in machines. 
This can include comparing the outcomes of algorithm 
performance to human decisions and using explainability 
approaches, which, depending on the AI technique used and 
the level of detail needed, can help identify factors that influ-
enced the model’s results (Belle and Papantonis 2021). 

Also, as mentioned earlier, planners should consider how 
bias can be reduced by combining the efforts of people and 
algorithms. Human-in-the-loop systems can offer sugges-
tions that staff can verify or select from. Humans can inter-
vene to help interpret results and explain levels of confidence 
in these algorithms. Planners, engineers, architects, com-
puter scientists, and other experts can confer in the event of 
contentious or difficult-to-explain algorithmic performance. 

AI provides numerous potential advantages for address-
ing serious societal issues, such as the effects of human preju-
dice. But it will not be achievable until the public believes that 
these technologies will provide accurate and useful results. 
AI can assist people in overcoming bias, but only if collabora-
tion among stakeholders seeks to address bias in AI.

OTHER ETHICAL ISSUES

AI and big data are increasingly associated with many 
aspects of our day-to-day lives. In the realm of urban plan-
ning and development, the data collection sensors of smart 
city initiatives capture human activities at different scales, 
collecting large amounts of data about us both with and 
without our knowledge (Chang 2021). Further, data is used 
to make decisions, such as medical diagnoses, credit report-
ing, and consumer recommendations, that we seem to have 
little control over. Scientists and scholars have expressed 
significant concerns and warnings about bias embedded in 
search engine results and algorithms (Noble 2018) and how 
big data and algorithms harm the poor and reinforce racism 
and inequality (O’Neil 2016; Eubanks 2018). 

Many of the examples we hear about related to the 
misapplication of AI are associated with law enforcement, 
surveillance, mistaken identity, and hacking, and involve 
negative impacts on individuals, based on data or other 
information at the individual level. It is understandable that 
the public, as well as planners, might assume that similar 
negative outcomes may arise while planning communities 
and neighborhoods. Very few if any of the analyses that 
urban planners perform, however, use individual-level data 
for persons, so it is unlikely that the use of AI in planning 
will have the same potential to target individuals for nega-
tive outcomes. More generally, though, planners will need 
to ensure that we do not build AI systems that replicate 
detrimental decisions made in the past related to segregation 
and racial discrimination. 

In addition, planners should be aware of potential areas 
of ethical concern drawn from broader experiences with AI. 
These general areas of concern relate to bias, privacy, and 
misinformation.  

Bias. As detailed in the prior section, planners are al-
ready aware of issues related to data that does not adequately 
represent populations of concern. Data from public input or 
characteristics from limited numbers of groups or neighbor-
hoods does not represent the whole of the community and 
needs to be interpreted accordingly. The degree of misrepre-
sentation can increase as the size of datasets increase. More 
data does not necessarily translate into better analyses, so 
planners should use caution. Data needs for statistical valid-
ity should be balanced with ethical concerns as well as em-
phasizing transparency throughout the data collection and 
analysis process. In addition, the logic built into AI models 
should be carefully reviewed for biased assumptions and 
socioeconomic profiling drawn from historical practices. 
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RESOURCES FOR THE ETHICAL USE OF AI

The ethical use of artificial intelligence (AI) is a complex and 
multifaceted issue that touches on a wide range of concerns, 
from fairness and transparency to privacy and accountability. 
At its core, the ethical use of AI involves ensuring that these 
systems are designed, developed, and deployed in a way that 
respects the rights and dignity of individuals.

To promote ethical AI, companies, researchers, and 
other organizations are taking steps that include develop-
ing internal guidelines and policies for the responsible use 
of AI, investing in research and development to improve the 
fairness and explainability of AI systems, collaborating with 
external organizations and experts to address ethical issues 
related to AI, providing transparency around their AI systems 
and decision-making processes, and educating employees 
and stakeholders on the ethical use of AI. The following list 
offers example resources on this topic.

INDUSTRY APPROACHES

Responsible AI Practices (Google AI). Provides recom-
mended practices and several example areas to build fairness, 
interpretability, privacy, and security into AI systems.

AI Ethics (IBM). Includes reports, white papers, tutorials, 
videos, and best practices on AI explainability, transparency, 
and ethics.

PUBLICATIONS

AI Ethics (Mark Coeckelbergh, 2020, MIT Press). This book 
summarizes the key ethical issues of AI, such as privacy con-
cerns, accountability, and the delegation of decision-making, 
openness, and prejudice as it manifests itself throughout the 
entire data science process. It also takes into account how 
employment will change in an AI economy.

A Citizen’s Guide to Artificial Intelligence (John Zerilli, 
2021, MIT Press). The ramifications of AI for ethical, politi-
cal, legal, and economic issues are covered in this guide. It 
includes the fundamentals of machine learning and takes into 
account concerns such as transparency, bias, liability, privacy, 
and legislation.

“The Global Landscape of AI Ethics Guidelines” (Anna 
Jobin, Marcello Ienca, and Effy Vayena, 2019, Nature Machine 
Intelligence 1(9): 389–99). The authors discuss the global con-
vergence of the five ethical principles of transparency, justice 
and fairness, nonmaleficence, responsibility, and privacy. They 
emphasize how crucial it is to coordinate efforts to produce 
guidelines with thorough ethical analysis and effective imple-
mentation plans.

“The Ethics of AI Ethics: An Evaluation of Guidelines” 
(Thilo Hagendorff, 2020, Minds and Machines 30(1): 99–120). 
This article provides a thorough summary of AI ethics, which 
includes looking at how ethical norms and principles are used 
in the research, design, and use of AI systems—as well as how 
to make the demands of AI ethics more effective.

LINKEDIN LEARNING COURSES

Foundations of Responsible AI. This course, taught by data 
scientist and AI ethicist Ayodele Odubela, explains the prin-
ciples of responsible AI as well as the frameworks necessary to 
apply responsible AI techniques in AI systems.

Tech On the Go: Ethics in AI. This course, also taught by Ayo-
dele Odubela, explores important ethical issues posed by the 
rapid growth of AI technology and addresses responsible AI, 
the nature of algorithmic harm, and the relationship between 
AI and human rights. 

AI Accountability Essential Training. This conceptually 
oriented course taught by Barton Poulson, associate professor 
of psychology at Utah Valley University, digs into the social 
concerns, safety challenges, and ethical issues posed by AI 
and offers potential solutions to key concerns. 

Learning XAI: Explainable Artificial Intelligence. This 
course, taught by Aki Ohashi, director of business develop-
ment for PARC, a Xerox company, explains how explainable 
AI (XAI) works and the value it provides to data science-
related businesses and initiatives from legal and commercial 
perspectives.

https://ai.google/responsibilities/responsible-ai-practices/
https://www.ibm.com/artificial-intelligence/ethics
https://mitpress.mit.edu/9780262538190/ai-ethics/
https://mitpress.mit.edu/9780262044813/a-citizens-guide-to-artificial-intelligence/
https://www.nature.com/articles/s42256-019-0088-2
https://link.springer.com/article/10.1007/s11023-020-09517-8
https://www.linkedin.com/learning/foundations-of-responsible-ai/understanding-responsible-ai?autoplay=true&u=57888345
https://www.linkedin.com/learning/tech-on-the-go-ethics-in-ai/introduction-to-ethical-ai-16194406?autoplay=true&u=57888345
https://www.linkedin.com/learning/ai-accountability-essential-training/accountable-artificial-intelligence?autoplay=true&u=57888345
https://www.linkedin.com/learning/learning-xai-explainable-artificial-intelligence/explainable-ai-expanding-the-frontiers-of-artificial-intelligence?autoplay=true&u=57888345
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Threats to privacy. Privacy is arguably the most legiti-
mate ethical concern about AI. The collection of personal data 
has become simpler due to technologies such as security cam-
eras, smartphones, and the internet. As noted above, however, 
disaggregated data with characteristics about individuals 
represents the most serious threat to privacy, and these types 
of data are not commonly used for planning purposes. 

Misinformation. Another significant ethical problem 
is the use of AI to spread false information. Bad actors may 
use ML models to produce and spread on social media 
channels factually incorrect information about conten-
tious urban development issues (Hollander et al. 2020). The 
extent to which social media played a role in propagating 
false information during the 2016 presidential election 
serves as an example of this on a much larger scale (Shu et 
al. 2017). The spread of misinformation will likely continue 
on social media platforms, however, with or without the 
intervention of AI technologies. Slowing the spread of 
misinformation on social media platforms is a complex 
and multifaceted challenge that requires a multipronged 
approach. Overall, it will require a combination of fact-
checking, algorithm adjustments, education, community 
engagement, and legal measures (Anderson and Rainie 
2017; Villasenor 2020).

CONCLUSION

AI is an emerging technology that is here to stay. As such, 
though planners and planning organizations will face chal-
lenges in adopting this new technology, the benefits of AI 
may be worth the risk. As AI becomes more commonly used 
and useful over time, the challenges of adoption will lessen, 
just as they have in other cases of innovation adoption. 

The promises and potential of AI are both intriguing 
and absorbing, but organizations must carefully prepare 
before investing resources in AI. It is important to prepare 
for change, and some interruption is to be expected. We 
are accustomed to our routines; therefore, getting staff to 
accept AI may be challenging. As described in this chapter, 
it is important to create a clear vision and goals for AI use 
and to develop a thorough understanding of what AI offers 
an organization. Once an organization adopts AI, it is also 
important to track performance and evaluate the value and 
advantages of AI deployment to document a comprehensive 
understanding of how AI benefits the organization, staff, 
and stakeholders. And throughout the process of adopting 
AI, planners should be aware of the potential for ethical 

concerns related to its use as new types of data and analysis 
emerge for AI applications. 

The final chapter in this report discusses key consider-
ations for planners and their organizations as they look to the 
future adoption of AI methods and applications—in particu-
lar, the need for education, training, and upskilling for these 
new methods to be used effectively—and offers strategic 
planning recommendations for the exploration and adoption 
of these emerging technologies for planning practice.



CHAPTER 5
GETTING 				 
STARTED
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Urban planning has a long, but not visible, history with artificial intelligence (AI). Researchers have been developing in-
novative land-use and transportation models since the late 1960s with a spirit of discovery that not only changed how we 
analyzed urban spaces but also how we thought about them. 

This is the role of any tools that we use in planning 
practice: they are lenses for looking at the past, present, and 
future. The objective is to use the best tool for the job, and 
the job is to create sustainable cities that meet the needs of all 
residents. The AI methods discussed in this report have the 
potential to be very powerful when used for these purposes.

As should now be clear, though it may not always be 
evident, we interact with AI solutions all the time in our 
day-to-day lives when we use search engines, social media, 
e-commerce sites, mobile devices, and other online plat-
forms. As described in Chapter 2, AI is hard at work in the 
background, making it easier and more effective to search 
for and retrieve the best available information. With appro-
priate AI tools, planners should be using the best possible in-
formation to make evidence-based decisions using systems 
that can learn over time and improve performance. 

The following excerpt from PAS Report 599, Smart Cit-
ies: Integrating Technology, Community, and Nature, sums 
up the situation we face with AI and urban planning:

The world around us is changing and the planning 
profession needs to evolve with these changes. This 
may mean adding new processes, tools, and planning 
competencies as laid out in this report; it may also 
mean a reinvention of what planners do and what 
their roles are supposed to be. While the goal of plan-
ning remains the creation of great communities for 
all, the path to get there can be improved and made 
more effective and inclusive by using state-of-the-
art technology. Improved communications between 
stakeholders, enhanced service quality, and empow-
erment of all community members to experiment 
and co-create can be powerful outcomes of smart 

cities that planners should emphasize in their work. 
(Hurtado, Rouse, and Hitchings 2021)

At this stage, a crucial consideration is whether plan-
ners are willing to adopt new technologies and make the 
greatest use of them. As discussed in Chapter 4, there are at 
least three aspects to this problem: 

•	 The present and future capacities of AI to significantly in-
fluence the social and built environments of urban areas 

•	 The present and future capacities of AI to cater to the 
requirements of urban planners 

•	 The willingness and capacity of urban planners to em-
brace and make use of technological advancements

There appears to be support for the first of these in the 
academic literature, and the second of these will emerge over 
time as we witness planners adopting new technology. The 
current level of AI awareness and expertise held by planners 
will have a substantial bearing on the question of whether 
the profession will make use of these technologies. 

Successful implementation of these new methodolo-
gies will require new abilities and knowledge regarding data 
analytic methods and information systems, which has direct 
implications for planning practice. The process of adop-
tion incorporates both internal elements, such as attitudes 
and decisions made by planning organizations, as well as 
external factors, such as the abilities that new employees (i.e., 
young planners) will bring to planning organizations. This 
type of “upskilling” can take place either through training 
activities for practicing planners or through recruits who 
already possess these talents and introduce them to their 
organizations. In addition, these necessitate investments 
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AI RESOURCES

Planners can consult a vast and ever-growing array of books, 
reports, websites, training courses, and plans and policies to 
learn more about AI and its potential applications to planning 
practice. The following resources represent a starting point.

Artificial Intelligence in Urban Planning and Design: 
Technologies, Implementation, and Impacts. Imdat As, 
Prithwish Basu, and Pratap Talwar, editors. 2022, Else-
vier. This book provides a review of several AI-based solutions 
and explores emerging applications of AI technologies in 
urban design and urban planning. It provides a framework 
for talking about the theoretical underpinnings of AI, applica-
tions of AI in urban design, and systems for generative design 
based on AI.

“AI in Planning: Opportunities and Challenges and 
How to Prepare.” Clint Andrews, Keith Cooke, Alexsan-
dra Gomez, Petra Hurtado, Thomas W. Sanchez, Sagar 
Shah, and Norman Wright. 2022, American Planning 
Association. This report from APA’s “AI in Planning” Foresight 
Community summarizes its findings and offers preliminary 
suggestions on how planners can get ready for AI and its 
potential effects, how planners can guarantee that AI-based 
planning tools are used in an equitable and inclusive manner, 
and what the planner’s role should be in creating and using 
AI-based planning tools.

AI in Urban Planning: 3 Ways It Will Strengthen How 
We Plan for the Future. Huang Zhongwen. 2021, Urban 
Redevelopment Authority of Singapore. The Urban Re-

development Authority of Singapore (URA) is a leader in the 
application of AI to urban planning. This website summarizes 
a few of its activities in the areas of planning tools and innova-
tion and highlights some of URA’s projects.

Government Measures for a Municipal Algorithms and 
Data Strategy for an Ethical Promotion of Artificial 
Intelligence. 2021, Barcelona City Council. This municipal 
report provides a useful framework for cities anticipating the 
application of AI. It identifies particular areas of concern, such 
as legal and ethical questions concerning their constituencies.

City of Philadelphia IT Strategic Plan. 2019, City of Phila-
delphia. Philadelphia’s IT strategic plan highlights existing 
and upcoming projects and tactics intended to integrate and 
capitalize on technology, innovation, engagement, access, 
and efficiency. Additionally, it discusses how the city’s IT 
office is adapting to new ideas and responsibilities in local 
government.

NYC Artificial Intelligence Strategy. 2021, City of New 
York, Mayor’s Office of the Chief Technology Officer. New 
York’s AI strategy takes into account the city’s AI ecosystem. 
It defines a healthy AI ecosystem as one in which a diverse 
range of people and organizations across sectors and com-
munities work cooperatively to promote well-being, fair-
ness, and opportunity for all. This approach aims to take into 
account the full range of stakeholders working in, training for, 
building, buying, using, and being impacted by AI.

in new forms of computer technology as well as human 
resources. The potential benefit will also involve the amount 
of disruption or change in the practices that are now being 
used, and this aspect needs to be evaluated.

The discussion of AI tools in this report is meant to be 
an introduction. The topics included have been simplified so 
that the reader who is not well-versed in AI or related analyti-
cal methods will still be able to grasp the general themes 
involved. Readers should consult additional sources, such 
as the references in this report and the sidebar above, the 
virtually infinite number of websites on these topics, and the 

many online courses available, to gain more familiarity. As 
mentioned in the report, the language of AI is an important 
place to start so that planners play a role in the design of new 
technologies as opportunities emerge; the glossary provided 
as an appendix to this report offers readers a helpful resource. 

CONNECTING AI WITH PLANNING PRACTICE

The intent of this PAS Report is to prepare planners for 
exploring AI’s potential to be the best tool for a wide range 

file:https://www.sciencedirect.com/book/9780128239414/artificial-intelligence-in-urban-planning-and-design
file:https://www.sciencedirect.com/book/9780128239414/artificial-intelligence-in-urban-planning-and-design
https://www.planning.org/publications/document/9255930/
https://www.planning.org/publications/document/9255930/
https://www.ura.gov.sg/Corporate/Resources/Ideas-and-Trends/AI-in-Urban-Planning
https://www.ura.gov.sg/Corporate/Resources/Ideas-and-Trends/AI-in-Urban-Planning
https://ajuntament.barcelona.cat/digital/sites/default/files/mesura_de_govern_intel_ligencia_artificial_eng.pdf
https://ajuntament.barcelona.cat/digital/sites/default/files/mesura_de_govern_intel_ligencia_artificial_eng.pdf
https://ajuntament.barcelona.cat/digital/sites/default/files/mesura_de_govern_intel_ligencia_artificial_eng.pdf
https://www.phila.gov/media/20191016132244/IT-Strategic-Plan-2019.pdf
https://nparikh.org/assets/pdf/nyc/nyc_ai_strategy.pdf
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of planning jobs that can help create vibrant, sustainable 
communities. Chapter 2 of this report gives planners a foun-
dation in understanding the four primary AI functions that 
underlie its application to real-world use, Chapter 3 offers 
examples of how AI is being applied to planning practice 
along with several research-based examples, and Chapter 4 
details associated challenges that may be encountered along 
the way to adding AI to planning workflows. But planners 
may still ask: how can I apply this information to my com-
munity and integrate AI into my planning work?

A useful way to think about where and how AI might 
fit into everyday planning practice is to consider five 
strategic points of intervention connected to the work that 
planners undertake (Klein 2011): community visioning; 
plan making; standards, policies, and incentives; develop-
ment work; and public investments. Planners can think 
about what tasks comprise the work of each of these points 
and from there explore how they might be able to use AI to 
automate any of those tasks. And at the same time, plan-
ners can consider how data that is generated through their 
planning work can be optimally collected and configured 
to power AI analyses for better data-driven and evidence-
based decision-making. 

•	 Community visioning is an important element of the 
planning process, particularly in defining and prioritiz-
ing goals. The visioning process can involve extensive 
data about the community and its residents to help in-
form scenario design as well as to provide feedback about 
alternatives. As mentioned earlier, natural language pro-
cessing (NLP) can be used to analyze community feed-
back on visions and goals. Generative methods for urban 
design options (using tools like DALL-E) can potentially 
increase engagement and interactions with the public. At 
the same time, community conversations should involve 
planners introducing the benefits of AI and being trans-
parent about its use in the visioning process.

•	 Plan making, whether for comprehensive or gen-
eral plans, functional sector-specific plans, or subarea 
plans, involves a significant amount of information and 
analysis. These analyses examine a broad spectrum of 
interrelated systems that have both spatial and temporal 
dynamics. Many planning analyses rely on detecting 
trends and patterns to make predictions; as mentioned 
throughout the report, this is what AI does best, assum-
ing the availability of sufficient data. For instance, plan-
ners can use machine learning (ML) and neural network 
(NN) methods for making predictions about land-use 

needs that feed into the comprehensive planning process. 
Tracking these predictions over time can help to evalu-
ate model performance concerning development impacts 
and outcomes.

•	 Standards, policies, and incentives developed by plan-
ners are related to important evidence for making deci-
sions or recommendations about how land will be used as 
well as the types of services needed to support those uses. 
Policy analysis with AI to ensure that regulations make 
the most sense and result in desired outcomes is analyti-
cally very challenging, and further research is needed in 
this area of planning practice to develop and test appro-
priate methods. 

•	 With development work, planners play an important 
role in translating visions, goals, and requirements into 
changes in the built environment. They may be taking the 
lead in designing and managing development projects, 
or they may be responsible for reviewing development 
proposals and working with developers to ensure projects 
meet regulations and community goals. AI methods have 
the potential for augmenting these rule-based activities. 
Examples include using chatbots to manage development 
application submissions and answer current planning 
questions or developing algorithms and decision models 
to evaluate development proposals (Wright 2019). Tying 
development proposals to the land-use and regulation 
performance indicators mentioned above can be a source 
of historical data needed by AI methods.

•	 Public investments that support development projects 
in the form of services and infrastructure have the 
potential to generate data about demand, usage, and 
resident satisfaction. Examples include public parks, 
streets, and transit, bicycle, and pedestrian facilities. 
As discussed in Chapter 3, natural language processing 
(NLP) methods can be used to identify public invest-
ment needs and priorities from public feedback (e.g., 
311, tweets, and public comments). 

The five points above can be used as a starting frame-
work to help planners systematically think through plan-
ning tasks and determine where AI might be a better tool 
for existing processes or might enable new types of analysis 
previously beyond departmental scope, time, or resources. 
It can also help planners think about how to best collect 
and use data to inform AI processes for optimal planning 
outcomes. This analysis can be an important component 
of a planning agency’s strategic planning and visioning 
process for AI integration. 
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STRATEGIC PLANNING AND VISIONING FOR AI

A planning organization may choose to adopt AI for a va-
riety of reasons, such as to improve efficiency, reduce costs, 
or gain new or better insights not available through current 
analysis techniques. Preparing a strategic plan for the adop-
tion of AI is a good way to get started and involves several 
steps, including conducting a thorough analysis of the orga-
nization’s current state, identifying the possible areas where 
AI can be used, and developing a clear vision for the imple-
mentation of AI within the organization. AI expertise, either 
internal or external, is critical to the following process.

Step 1: Conduct a current conditions analysis. First, a plan-
ning organization should conduct a thorough analysis of its 
current analysis needs and practices, including its strengths, 
weaknesses, opportunities, and threats. This analysis can 
help the organization understand its current capabilities and 
limitations, as well as identify areas where AI can potentially 
be used to improve operations.

To conduct this analysis, the organization should first 
assess its strengths, which may include its budget resources, 
staff knowledge and skills, stakeholder support, potential 
partners, and intended work products. The organization 
should also identify its weaknesses, such as outdated tech-
nology, limited expertise in AI, or a lack of data to support 
AI implementation.

Next, the organization should consider external factors 
that may present opportunities for the adoption of AI. These 
may include potential partners at local universities, potential 
private-sector partners, and the availability of AI platforms 
and tools. The organization should also be aware of potential 
threats, such as a lack of stakeholder buy-in for adopting AI, 
and conduct research on peer experiences about unforeseen 
or unexpected negative outcomes of AI application use.

To gather the necessary information for this analysis, 
the organization may need to conduct research, consult with 
experts, or conduct surveys or interviews with employees 
and stakeholders. The organization may also need to review 
its internal data and documents, such as planning products, 
customer feedback, and performance metrics.

Step 2. Identify implementation opportunities. Next, the 
organization should build on the information generated in 
the prior step to identify potential opportunities to adopt 
AI. It should consider its current operations, processes, and 
systems to identify specific areas where AI could potentially 
be used to improve efficiency, reduce costs, or enhance per-

formance. For example, an organization may be able to use 
AI for tasks such as data collection and analysis, decision-
making, or automation of repetitive tasks. 

This step may involve undertaking research to under-
stand the latest developments in AI, consulting with experts 
in the field, and conducting interviews or surveys with staff 
and stakeholders to gather their perspectives and insights. 
The organization should be sure to consider its own needs 
and goals when identifying potential areas for AI adoption. 

Step 3: Establish a vision and plan. Once areas for AI adop-
tion have been identified, the organization can then develop 
a vision for the implementation of AI within the organiza-
tion. This may involve setting specific goals and objectives 
for the use of AI, as well as outlining the steps and resources 
necessary to achieve those goals. 

The organization should also consider potential chal-
lenges and obstacles that may arise during the implementa-
tion of AI, which may include concerns about the impact of 
AI on jobs, ethical concerns about the use of AI, or compli-
ance with relevant regulations. The organization should 
develop strategies for addressing these challenges, such as 
providing employees with training and support, establishing 
protocols for responsible AI use, or partnering with other 
organizations to share knowledge and expertise. The organi-
zation should also outline the steps and resources necessary 
to achieve its goals, such as implementing new technologies, 
training employees, or acquiring data.

Overall, developing a clear vision for the implementa-
tion of AI involves identifying potential areas for AI adop-
tion, setting goals and objectives, outlining the steps and 
resources necessary to achieve those goals, and considering 
potential challenges and obstacles. The sidebar on p. 56 sum-
marizes this step-by-step approach. By carefully planning 
for the implementation of AI, an organization can position 
itself to take advantage of the many benefits of AI while 
mitigating potential risks and challenges.

Ethics and AI
Throughout the process of preparing a strategic plan for the 
adoption of AI, the organization should also consider the 
ethical implications of AI and develop guidelines for the re-
sponsible use of AI. This may include establishing protocols 
for data privacy, transparency, and accountability. 

As discussed in Chapter 4, the ethical implications of 
AI are complex and wide ranging, and they involve consid-
erations about the impacts of AI on society, the economy, 
and individual rights. Some of the ethical implications of 
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AI STRATEGIC PLANNING: A SUMMARY 

Planners can apply the following step-by-step approach 
as they begin to explore the integration of AI in everyday 
planning practice. 

1.	 Conduct a thorough analysis of the organization’s 
current state, including its strengths, weaknesses, 
opportunities, and threats.

2.	 Identify potential areas where AI can be used to 
improve operations or update traditional analysis 
approaches.

3.	 Research the latest developments in AI and consult 
with experts in the field to understand the capabilities 
and limitations of AI.

4.	 Develop clear goals and objectives for the use of AI 
within the organization.

5.	 Outline the steps and resources necessary to achieve 
the goals and objectives for AI adoption.

6.	 Consider potential challenges and obstacles that may 
arise during the implementation of AI and develop 
strategies for addressing them.

7.	 Establish protocols for the collection and use of data 
as well as for decision-making by AI systems.

8.	 Develop guidelines for the responsible use of AI, 
including principles such as transparency, account-
ability, fairness, and respect for privacy.

9.	 Consider the potential impact of AI on society and 
develop strategies for ensuring that the benefits of AI 
are distributed equitably.

10.	 Collaborate with other organizations and stakeholders 
to address the ethical implications of AI and promote 
responsible use.

AI include potential job losses due to automation, unequal 
access to the benefits of AI, and concerns about the use of AI 
for surveillance or other potentially nefarious purposes.

To address these ethical implications, organizations 
should develop guidelines for the responsible use of AI. 
These guidelines may include principles such as transparen-
cy, accountability, fairness, and respect for privacy. Organi-
zations should also establish protocols for the collection and 
use of data, as well as for decision-making by AI systems. 
This may involve collaborating with other organizations 
and stakeholders, such as government agencies, nonprofits, 
and academics, to address the ethical implications of AI and 
promote responsible use.

Overall, the ethical implications of AI are complex and 
require careful consideration and attention. By developing 
guidelines for the responsible use of AI and considering the 
potential impact of AI on society, organizations can ensure 
that they are using AI in a way that is ethical and beneficial 
to all stakeholders.

NOW IS THE TIME

AI will play a significant role in the future operation and 
planning of cities. As more and more data is being generated 
all around us, urban planners will increasingly use AI to 
analyze and process this data to detect patterns, make predic-
tions, and have a better understanding of urban dynamics. 

But AI will not take over all aspects of planning, and 
neither will it replace planners. Rather, it will comprise a 
useful set of tools for a subset of planning tasks. The most 
suitable tasks for AI will be those that are repetitive, have 
quantifiable dimensions, and involve data that can be cap-
tured and maintained. While there may be concerns about 
the loss of entry-level positions that typically handle these 
tasks, shifting needs will be accommodated by changes in 
skills that young planners have already acquired. 

The American Planning Association has acknowledged 
the accelerating pace of AI application development, particu-
larly as it relates to the planning profession. There are both 
substantial opportunities and challenges presented by these 
technologies, with more being revealed each day. AI can help 
planners in their work, enhance current planning procedures, 
increase efficiency, and allow planners to refocus their work 
on the human components of planning. The task at hand is to 
increase our knowledge and skills with appropriate AI meth-
ods to enhance planning practice in the service of creating 
more livable, resilient, and sustainable communities.
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APPENDIX: GLOSSARY

algorithm: a step-by-step procedure or a set of instructions 
to solve a particular problem or perform a specific task. It 
can be thought of as a recipe that consists of a sequence of 
steps, each of which is clearly defined, to achieve the desired 
outcome.

anomalous activities: any actions or events that deviate from 
normal or expected behavior. These unusual or unexpected 
patterns or activities may indicate a problem or threat.

artificial intelligence (AI): As defined by this PAS Report, 
the use of computers to mimic or improve upon human in-
telligence processes, such as reasoning and experience-based 
learning.

big data: extremely large and complex data sets that 
traditional data processing methods are unable to handle 
efficiently. Big data can come from various sources such as 
social media, IoT devices, log files, and sensor data. The data 
can be analyzed to uncover hidden patterns, unknown cor-
relations, and other useful information that can be used for 
business and organizational decision-making. See also PAS 
Report 585, Big Data and Planning. 

bounding boxes: rectangular boxes used in computer vision 
and image processing to define the location and boundaries 
of objects within an image. They are typically represented by 
a set of coordinates that define the top-left and bottom-right 
corners of the rectangle.

classification: a supervised learning task in which an algo-
rithm is trained to categorize or label input data into one of 
several predefined classes or categories based on the features 
of the data.

collaborative filtering: a method of making recommenda-
tions by identifying patterns and similarities in the prefer-
ences and behavior of users. It is based on the idea that 
people who have similar preferences or behaviors in the past 
will have similar preferences in the future.

color segmentation: the process of dividing an image into 
multiple segments or regions, each of which corresponds 
to a different color or range of colors. The goal is to parti-
tion an image into regions that have similar colors or color 
characteristics and to separate the regions that have different 
colors or color characteristics. This can be used for various 
applications such as object detection, object tracking, and 
image editing.

computer vision (CV): a subfield of AI and computer sci-
ence that focuses on enabling computers to interpret and 
understand visual information, such as images or video. The 
aim is to encompass both visual and cognitive functions to 
capture humans’ ability to make sense of what they see.

content-based methods: a type of recommendation system 
that makes recommendations based on the characteristics 
or features of the items being recommended. It works by 
analyzing the content or attributes of an item and recom-
mending similar items based on those attributes.

convolutional neural network (CNN): a type of artificial 
neural network designed specifically for processing and ana-
lyzing grid-like data, such as images, by detecting patterns 
and features within the data. CNNs have proven to be very 
effective in various computer vision tasks, such as image 
classification, object detection, and image recognition.

https://www.planning.org/publications/report/9116397/
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data science: an interdisciplinary field that uses scientific 
methods, processes, algorithms, and systems to extract 
meaningful knowledge and insights from structured and 
unstructured data to make informed decisions. It is a com-
bination of several fields, including statistics, data analysis, 
machine learning, and computer science, that are used to 
collect, process, and analyze large amounts of data.

deep learning (DL): a neural network with several layers. DL 
allows for systems that can carry out complicated tasks and 
learn a wider variety of functionalities; its main uses today 
include speech recognition and general pattern recognition. 

edge detection: a technique used in image processing to 
identify and locate sharp discontinuities in an image, such 
as boundaries of objects or changes in texture. It is used to 
find edges in an image, which can be useful in a variety of 
applications, such as object recognition, image segmenta-
tion, and image compression.

explainability: the ability to understand and interpret the 
decision-making process of an AI system, particularly ma-
chine learning and deep learning models. It is about making 
the inner workings of these complex models more transpar-
ent and comprehensible to humans.

generative adversarial networks (GNNs): a type of AI mod-
el that can generate new data that resembles a given dataset. 
Since GNNs were introduced in 2014 they have become a 
popular area of research in AI, particularly for tasks such as 
image synthesis and text generation.

heuristics: rules of thumb that are used to simplify analysis 
processes. While they may help to assist in decision-making, 
they may lead to biases or inaccuracies because they are not 
based on empirical results. 

human-in-the-loop: a term used in AI and other compu-
tational systems to describe a process in which humans are 
actively involved in the decision-making or problem-solving 
workflow of the system. The idea is to combine the strengths 
of both human intelligence and AI algorithms to achieve 
better performance and results.

knowledge engineering: a subfield of AI that deals with the 
acquisition, representation, and maintenance of knowledge 
in a computer system. It involves acquiring, representing, 
and reasoning with knowledge in a formal, structured way.

labeled data: data that has a predefined or assigned out-
put or target variable. The output or target variable is also 
known as the label. Labeled data is also known as supervised 
data, annotated data, or labeled data. It is often more dif-
ficult and expensive to obtain than unlabeled data, but it is 
necessary for supervised learning and many other tasks. See 
also unlabeled data. 

large language model (LLM): a type of machine learning 
model that is trained to predict the likelihood of a sequence 
of words. It is used to understand and generate natural lan-
guage, which is the language spoken and written by humans. 
LLMs are typically trained on large sets of text data and can 
then be used for a variety of natural language processing 
tasks, such as text classification, machine translation, speech 
recognition, and text generation.

laser scanner: an instrument that uses a laser beam to scan 
an object or a scene and create a 3D representation of it. The 
scanner works by emitting a laser beam and measuring the 
time it takes for the beam to reflect off an object and return 
to the scanner. By repeating this process multiple times, the 
scanner can build up a 3D point cloud of the object or scene.

learning-based AI system: an approach used in AI that 
learns and improves performance through experience. 
Instead of relying on predetermined rules (i.e., rule-based 
systems), algorithms and data are used to adapt, generalize, 
and predict, allowing them to operate more efficiently. See 
also rule-based AI system.

Level 5 autonomous vehicle: a vehicle that is capable of 
driving itself in any situation, without any human input or 
intervention. Also known as fully autonomous vehicles, they 
do not have steering wheels, pedals, or any other manual 
controls for human drivers. This level of autonomy means 
that the vehicle can drive itself in any conditions, on any 
road, and in any environment. It can handle all aspects of 
driving, including navigating, braking, accelerating, and 
responding to traffic signals and other road conditions.

Lidar: a remote sensing technology that uses laser light to 
measure distances between objects. Lidar stands for “light 
detection and ranging”; it works by emitting a laser beam 
and measuring the time it takes for the light to bounce back 
to a sensor. This information is used to create a detailed 3D 
map of the environment. Lidar is often used in self-driving 
cars, robotics, and surveying.
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link prediction: the task of predicting links that will form in 
a network in the future. It is a common problem in network 
analysis and graph mining, which has many applications 
in fields such as social network analysis, recommendation 
systems, and bioinformatics.

machine learning (ML): a branch of AI, based on the princi-
ple that computers can “learn,” that seeks to enable ma-
chines (i.e., computers) to detect and “memorize” patterns 
and then use this information as part of decision-making 
processes.

malware: any software specifically designed to harm or 
exploit computer systems. Malware (short for “malicious 
software”) can come in many forms and can cause a variety 
of problems, from stealing personal information to causing 
system crashes.

motor skills: the ability to control and coordinate the body’s 
movements, including both gross and fine motor move-
ments. Gross motor skills involve the larger muscle groups 
and are used for movements such as crawling, walking, and 
running, while fine motor skills involve the smaller muscle 
groups and are used for movements such as writing, button-
ing a shirt, and using utensils. 

multiple regression analysis: a statistical technique used to 
model the relationship between one or more independent 
variables (also known as predictors or explanatory variables) 
and a dependent variable (also known as the response or 
outcome variable). It is an extension of simple linear regres-
sion, which is used to model the relationship between a 
single independent variable and a dependent variable.

natural language processing (NLP): a subfield of AI in 
which computer methods analyze human language, text, or 
verbal communication to derive meaning. NLP is used to 
analyze the ideas conveyed by terms, sentences, and phrases 
and can also correct grammar, convert recorded speech to 
text, and translate between languages.

natural language understanding (NLU): a subfield of AI 
and natural language processing (NLP) that focuses on in-
terpreting and extracting meaning from human language in 
a way that is both contextually and semantically accurate.

natural language skills: the ability to understand and use 
language for communication. This includes the ability to 
comprehend spoken and written language, as well as the 
ability to express oneself effectively through speech and 
writing. Also known as “linguistic skills,” they are essential 
for communication and social interaction. They are devel-
oped early in life and are shaped by a combination of genetic 
and environmental factors.

network analysis: the process of studying the relationships 
and interactions between entities in a network. These enti-
ties can be anything that can be represented as nodes in a 
graph, such as people, organizations, web pages, or com-
puter systems. The relationships between these entities are 
represented as edges in the graph.

neural network (NN) (also artificial neural network): a 
computerized system, based on how the brain processes 
information, in which a “perceptron” takes in a set of input 
signals and converts them into output signals, then attempts 
to analyze the data by stacking numerous layers, or groups 
of computing units, that can recognize values that occur 
repeatedly and interpret patterns within the data.

open-ended text format: a type of data format that allows 
for free-form, unstructured text input. It is characterized by 
the fact that there is no predefined set of possible responses 
or outputs, and the answer can take many different forms.

PageRank: a website’s importance or relevance determined 
by the number and quality of other websites that link to it. 
The algorithm assigns a “rank” or “score” to each website 
based on the number and quality of links pointing to it. 
The higher the score, the more important the website is 
considered to be.

parsing: the process of analyzing and breaking down text 
data into its individual components for further processing. It 
is a fundamental step in natural language processing (NLP) 
and other tasks that involve working with text data.

pattern recognition: an automated way to detect regulari-
ties or predictable sequences and orders of values within a 
sample of data.
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predictive maintenance: a function of AI using machine 
learning algorithms trained on industrial sensor data to 
predict future events, such as the likelihood that machinery 
or equipment will break down, and determine maintenance 
scheduling by combining data, statistics, machine learning, 
and modeling.

proximity sensors: sensors that detect the presence of 
nearby objects without any physical contact. They are often 
used in devices such as smartphones, tablets, and laptops to 
detect when a user’s face is close to the screen and turn off 
the display to conserve power. Proximity sensors can also 
be used in industrial automation and robotics to detect the 
presence of objects and obstacles.

Python: a high-level, interpreted programming language 
that is widely used for web development, scientific comput-
ing, data analysis, artificial intelligence, and more. It was 
created in 1989 by Guido van Rossum and has a simple, 
easy-to-learn syntax that makes it a popular choice for 
beginners. Python is also known for its large and support-
ive community, as well as its extensive library of prebuilt 
modules and tools.

quantum computing: a type of computing that uses quan-
tum-mechanical phenomena, such as superposition and en-
tanglement, to perform operations on data. Unlike classical 
computers, which use binary digits (bits) to represent data, 
quantum computers use quantum bits or qubits, which can 
exist in multiple states simultaneously. This allows quantum 
computers to perform certain types of computations much 
faster than classical computers.

R: a programming language and software environment for 
statistical computing and graphics. It is widely used among 
statisticians, data scientists, and researchers for data analysis 
and visualization. R is an open-source programming lan-
guage, which means that it is free to use and its source code 
is available to the public.

radar: a remote sensing technology that uses radio waves 
to detect and locate objects. Radar, which stands for “radio 
detection and ranging,” works by emitting a radio frequency 
signal and then measuring the time it takes for the signal 
to bounce back after it hits an object. The radar system uses 
this information to determine the distance, speed, and 
direction of the object.

recurrent neural network (RNN): a type of artificial neural 
network designed to handle data that comes in sequences, 
such as words in text or daily temperature readings. It is a 
way for computers to make predictions or decisions based 
on data that has an order or pattern over time.

reinforcement learning: a method of trial-and-error learn-
ing in which the agent learns from its experiences and im-
proves its performance over time. The agent learns to make 
decisions by maximizing the expected cumulative reward 
over the long run.

rule-based AI system: an approach for problem-solving or 
decision-making in AI that employs predetermined rules or 
logic. It imitates human expertise by applying these rules to 
input data and creating output or actions based on specific 
conditions. See also learning-based AI system.

sensory perception: the process of interpreting and organiz-
ing information received through the senses, such as sight, 
sound, touch, taste, and smell. It involves the brain’s ability 
to process and make sense of sensory information to under-
stand and respond to the environment. Sensory perception 
plays a crucial role in our ability to navigate and interact 
with the world around us.

stemming: the process of reducing a word to its base or 
root form. The goal of stemming is to reduce words to their 
base form so that they can be more easily compared and 
processed. For example, the words “running,” “runner,” and 
“ran” are all forms of the word “run,” and stemming would 
reduce all of these forms to the base form “run.”

supervised learning: a type of machine learning in which 
a model is trained on a labeled dataset to predict an output 
based on one or more input features. The model is provided 
with a set of inputs and corresponding desired outputs, and 
it “learns” to map the inputs to the correct outputs. The goal 
of supervised learning is to generalize from the training data 
to new unseen data. See also unsupervised learning. 

thermal imaging: a technology that detects infrared radia-
tion and converts it into an image that can be viewed on a 
screen. It is used in a variety of applications, such as night 
vision, surveillance, and thermography.
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tokenization: the process of breaking down a piece of text 
into smaller units called tokens, which are often words 
or phrases. Tokenization is a fundamental step in natural 
language processing (NLP) and other tasks that involve 
working with text data. Tokens are also known as “terms” or 
“lexical units.”

topic modeling: a machine learning technique used to 
identify and extract themes or topics from large collections 
of text documents. It involves analyzing the patterns of word 
occurrences and co-occurrences within the documents to 
identify clusters of related words that represent a particular 
topic. Topic modeling helps in organizing, summarizing, and 
understanding large amounts of unstructured textual data.
transformer: a type of neural network architecture that is 
a key component in many state-of-the-art natural language 
processing (NLP) and AI systems, including OpenAI’s GPT 
series. They allow models to weigh the importance of differ-
ent words or tokens in a given input sequence, taking into 
account their relative positions and relationships.

Trojan horse, or Trojan: a type of malware that disguises 
itself as a legitimate program or file to trick users into 
downloading or installing it. Once the Trojan is installed 
on a computer, it can execute its code and cause harm to the 
computer system, such as stealing personal information, cor-
rupting or deleting files, or taking control of the computer.

unlabeled data: data that does not have any predefined or 
assigned output or target variable. See also labeled data.

unsupervised learning: a type of machine learning in which 
a model is trained on an unlabeled dataset without any 
specific desired output. The goal of unsupervised learning is 
to find patterns or structure in the data, rather than making 
predictions. See also supervised learning. 

virus: a type of malware that attaches itself to a program or 
file and then replicates itself by copying itself to other pro-
grams, files, or other computers. Once a virus infects a com-
puter, it can execute its code and cause harm to the comput-
er system, such as stealing personal information, corrupting 
or deleting files, or taking control of the computer.

worm: a type of malware that replicates and spreads itself to 
other computers without the user’s knowledge or consent. 
They are similar to viruses in that they can cause harm to a 
computer system, but they differ in that they do not need to 
attach themselves to a specific program or file to spread. In-
stead, they typically spread through network vulnerabilities 
or by exploiting security weaknesses in software.
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The term “artificial intelligence” (AI) conjures images of auton-
omous vehicles maneuvering through streets, smartphone 
assistants that answer your questions, or androids exploring 
final frontiers. 

At a basic level, however, AI can be understood as the mul-
tidisciplinary endeavor to approximate human reasoning with 
computation. For planners, it represents an emerging toolbox 
that enables a range of new capabilities—from the scalable 
digitization of physical infrastructure to tools that can help 
planners synthesize and summarize public feedback (Figure 1). 

The rapid advancement and integration of such techniques 
into daily life are increasingly influencing planning practice and 
our communities at large. Whether AI primarily benefits entire 
communities or narrow interests, though, depends on plan-
ners’ abilities to engage with the challenges and opportunities 
surrounding its civic applications. Naively applied, these technol-
ogies can automate discrimination, create unaccountable pro-
cesses, and create a false certainty about what the future holds. 

This PAS Memo intends to equip planners with an under-
standing of AI concepts and their potential implications. 

Additionally, it will discuss important considerations regarding 
AI applications and their roles in larger trends connected to 
digital governance and civic data in planning. 

Wide availability of this technology is still very new, but it 
is powerful and fast moving. Planners have a responsibility to 
understand the implications of the technologies they choose 
to deploy, and, with understanding, they can help to ensure 
that these technologies are used responsibly.

Background
The field of AI research began in the 1950s. Early investigations 
included a paper by Alan Turing, the British mathematician 
considered the father of computer science, exploring wheth-
er computers can think, as well as a 1956 U.S. Department of 
Defense-sponsored conference at which the term “artificial 
intelligence” was coined (McCarthy 2012). The field kicked off in 
earnest, however, when the first microprocessors were devel-
oped in the 1970s. 

One of the first applications of AI was symbolic AI, such as 
expert systems, which sought to encode the decision-making 
capacity of experts in complex sets of handcrafted rules. This 
required heavy involvement from industry experts, and low 
returns led to a series of “AI winters” in which research and 
funding in the field withered for decades (McCarthy 2012). 

Everything changed in the early 2010s. New advancements 
in AI were driven by three intersecting factors: 

•	 Advent of robust techniques. “Deep learning” kindled 
a renaissance in the subfield of machine learning, the 
study of algorithms that improve with experience (Council 
of Europe 2020; Singh 2019). Deep learning provided a 
generalized set of machine-learning algorithms loosely 
inspired by neurons in the brain. This enabled a rapid, 
extreme improvement in complex, multidimensional 
pattern-matching—allowing computers to find patterns 
in complex and multidimensional data such as images and 
audio (Singh 2019). 

Figure 1. AI offers planners an emerging toolbox enabling a range of 
new capabilities, including the transformation of raw imagery and 
data feeds into living digital views of our world (David Wasserman)
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ChatGPT: Implications for Planning
Recent years have seen growing interest in the impact of digital technologies, such as artificial 
intelligence (AI), on planning practice. Although AI capabilities have been building over many decades, 
the release of ChatGPT by OpenAI in November 2022 brought AI-writing capabilities into the mainstream 
overnight. These capabilities have significant implications for planning work, and it is important for 
planners to be aware of both the positive and negative factors.

BACKGROUND*
ChatGPT is an example of generative AI, a type of artificial intelligence that uses machine learning 
algorithms to generate new content, such as text, images, or music. In the case of ChatGPT, it is a large 
language model (LLM) that has been trained on massive datasets of text data, allowing it to generate 
humanlike responses to text prompts. 

The use of ChatGPT has had a disruptive influence on many professional industries, particularly those that 
rely on written communication. ChatGPT has the potential to automate many tasks that were once done 
manually, such as customer service chatbots and content creation. This technology is rapidly advancing, 
and as it becomes more sophisticated, it will continue to transform the way we work and communicate.

[*These background paragraphs were written by ChatGPT in response to the prompt: Please write me a paragraph 
about ChatGPT that achieves the following things: explains the concept of generative AI; explains what ChatGPT 
is in reference to generative AI; describes the disruptive influence of ChatGPT on professional industries.]

AUTOMATION AND AUGMENTATION OF PLANNING WORK
Whether or not we realize it, AI is already used to optimize a variety of different websites and software 
used by planners each day, including AI algorithms to detect spam emails and filter search engine results. 
LLMs such as ChatGPT represent the next level of office AI assistant, making many procedural writing 
tasks—whether drafting emails, requests for proposals, or staff reports—easier. ChatGPT is also able to 
perform many simple computer coding tasks, potentially making coding more accessible to planners and 
other nontechnical specialists. And ChatGPT can create workflows for various functions and outputs in 
applications such as ArcGIS, SketchUp, Photoshop, game engine platforms, and CAD software. 

Like previous technological advancements, such as the introduction of personal computers and adoption 
of GIS software, LLMs are likely to free up planners’ time for higher-value work, raising the bar on what it 
is possible for planners to achieve. LLMs produce relatively generic and sometimes inaccurate content, 
however, that needs to be fact-checked. As such, ChatGPT is best used for generating first drafts or plain-
language summaries of existing technical material. 

TRUTH AND TRUST IN PLANNING SYSTEMS AND PROCESSES
The fluency of LLMs masks an important fact: ChatGPT has no sense of “truth” but instead constructs 
sentences based on patterns in the text it was trained on. This means that the content generated by LLM 
will be reflective of historic trends and biases. As planning is a profession focused on proactively shaping 
better futures, it is important that AI-generated content is subject to critical review before publication.

This lack of truth also means that ChatGPT gets things wrong, particularly when it comes to specific 
places or events. Planners are entrusted to help govern cities, and as such must be able to explain 
decisions and be held accountable for them. Unsupervised use of AI that “makes up” facts or content puts 
this fundamental principle of good governance at risk—a key reason why planners must understand the 
capabilities and limitations of AI to determine its appropriate use. 

Image produced by DALL·E 2 with the 
prompt, “A image of a female human 
urban planner and a robot working 
together to create zoning map on a screen 
with many colors on the map, digital art”.  
(Credit: DALL·E 2 by OpenAI).
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Artificial Intelligence 
and Planning Practice
PAS Memo 111

AI represents an emerging 
toolbox for planners that 
enables a range of new 
capabilities. Read this 
article for an overview of AI 
concepts, their potential uses 
for practice, and their roles 
in larger trends connected to 
digital governance and civic 
data in planning.

ChatGPT: Implications 
for Planning
PAS QuickNotes 101

The release of ChatGPT by 
OpenAI in late 2022 brought 
AI writing capabilities into 
the mainstream overnight. 
Read this briefing paper to 
learn about the implications 
of these emerging generative 
AI applications for planning 
practice. 

Big Data and 
Planning
PAS Report 585

Data, analytics, and 
smart technologies 
empower planners and 
decision makers to better 
understand the present 
and predict the future. 
Read this report to learn 
how developments in data 
science and technology-
based opportunities can 
advance your community.

Smart Cities: Integrating 
Technology, Community, 
and Nature 
PAS Report 599

If deployed in the right ways, 
state-of-the art technologies 
can help resolve the myriad 
challenges communities big 
and small face today. Read 
this report to learn about the 
new skills, processes, and tools 
planners need to plan both 
with and for smart cities.

https://www.planning.org/publications/document/9232733/
https://www.planning.org/publications/report/9116397/
https://www.planning.org/publications/document/9268026/
https://www.planning.org/publications/report/9226594/
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