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ABSTRACT. Urban planning, which is inherently multifaceted, requires the development of innovative
tools to navigate its complexities. This study introduces a pioneering approach that presents an
Al-driven framework tailored for urban data collection and analysis. The impetus for this framework
is highlighted through the unique narrative of Most city, which is profoundly transformed by mining-
induced displacement and resettlement. While most cities serve as a vivid illustration of the challenges
cities can face, especially in the wake of industrial imperatives, this study focuses on the potential of
Al in addressing such challenges. The proposed framework, while grounded in advanced computational
methodologies, is designed with keen emphasis on real-world applications, ensuring its relevance and
adaptability. By integrating Most city’s detailed account with this Al-centric methodology, this study
emphasizes the importance of a data-driven approach in understanding and addressing urban dilemmas.
Importantly, this study is preparatory, laying the groundwork for the framework’s future application,
especially in contexts such as Most city. By bridging advanced Al techniques with tangible urban
challenges, this research illuminates a path forward, suggesting a future in which urban planning is not
only informed by data but also empowered by AI’s analytical process.
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city, urban planning.

1. INTRODUCTION

Urban planning, a discipline that shapes the fabric
of cities and communities, continually faces multi-
faceted challenges. From demographic shifts to eco-
nomic transformations, urban planners must antic-
ipate and address myriad issues. Ome such chal-
lenge is mining-induced displacement and resettlement
(MIDR), which is becoming increasingly prevalent in
the wake of industrial development. MIDR not only
disrupts the physicality of cities, but also reshapes
their socio-economic and cultural landscapes, requir-
ing innovative methodologies for understanding and
intervention.

Mining operations can be found worldwide, with
numerous countries relying on mining as a critical
component of their economies. Australia, Canada,
China, Russia, the United States, and various African
and South American countries are all major mining
countries. Each region’s mineral resources and mining
processes are distinct. It spans from artisanal mining
on a small scale to large-scale industrial mining. Indi-
vidual miners or local communities are often involved
in small-scale mining in developing countries. Large-
scale mining operations by multinational businesses
necessitate extensive infrastructure and machinery [I.

Mining activities may have a positive or negative
impact on urban areas. By understanding the global
prevalence of mining activities and their impact, ur-
ban planners and policymakers can develop informed
strategies to mitigate negative consequences, promote
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sustainable mining practices, and effectively plan for
sustainable post-mining city transitions. On one hand,
mining activities contribute significantly to economic
development at both local and national levels; they
generate employment opportunities and revenue while
stimulating related industries, attracting investments,
infrastructure development, and economic diversifi-
cation in cities hosting mining operations. However,
mining operations also have substantial environmen-
tal consequences, including habitat destruction, defor-
estation, soil erosion, water pollution, air pollution,
and greenhouse gas emissions, which adversely affect
the health and well-being of urban and rural popula-
tions [2].

Furthermore, mining can lead to population influxes,
demographic changes, and increased social inequali-
ties. The disruption of traditional livelihoods, cultural
practices, and community cohesion caused by mining
activities can give rise to social tensions and conflict.
Additionally, extensive mining activities can strain
existing infrastructure and services, resulting in in-
adequate healthcare, education, water supply, waste
management, and transportation systems due to rapid
population growth and increased demand. Abandoned
mines also pose long-term challenges for cities, includ-
ing safety hazards, environmental contamination, and
visual blight. While architectural interventions have
addressed the issue of abandoned mines in the past,
the topic of expanding mining activities necessitating
the relocation of entire cities still needs to be studied
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by urban designers and planners. This knowledge
gap is of utmost importance as the growing demand
for resources leaves cities with little choice but to
contemplate the necessity of moving due to the esca-
lating demands and constraints within their existing
locations [1].

The term “Mining-induced displacement and reset-
tlement” (MIDR) refers to the forced displacement of
communities and individuals as a direct or indirect
consequence of mining activities. It occurs when min-
ing operations require the acquisition of land, which
results in the displacement of people from their homes
and livelihoods. This displacement often necessitates
the resettlement of affected communities in new loca-
tions [3].

2. HISTORICAL CONTEXT OF MOST
CITY

In the Usti nad Labem Region of the Czech Repub-
lic lies the City of Most, an urban area that serves
as an intriguing focal point for scholars and practi-
tioners interested in the dynamics of Mining-Induced
Displacement and Resettlement (MIDR) [4]. The nar-
rative of this city is intertwined with the themes of
obliteration and rebuilding. It was not simply built
but was effectively rebuilt following the mass displace-
ment of its original population in the pursuit of brown
coal mining [5]. Once known as Stary Most (“Old
Most”), the old city was evacuated, and its inhabi-
tants were resettled in what became Novy Most, or
“New Most”.

At first glance, the story of Most, the town that
moved, seems very simple. With communist heavy
industrialisation demanding ever-increasing amounts
of energy, planners decided in the late 1950s to mine
a rich vein of coal under Most, gradually constructing
a new city to replace the old one. Cost analyses de-
termined that the procedure would not only uncover
86 million tons of coal but also net a profit of over
two billion crowns, including the expenses of demoli-
tion and building new housing and services for up to
20000 people. Although construction and destruction
proceeded in fit and started by the mid-1980s, the
project was complete. The historic streetscape of Old
Most was gone, except for that of the itinerant church.
The efficient surface mine that took its place yielded
the expected revenue, fuelling several nearby power
plants and bringing promised profits. A new socialist
town emerged amidst open coal pits. It was the com-
munist planner’s dream, with mass housing, modern
architecture, and rationalised infrastructure [6].

All that remains of Old Most is a towering late
Gothic church, conspicuously isolated on a sculpted
plateau north of the new city. Beyond the church, the
pit begins, miles and miles of hollowed-out landscape
left for natural regeneration, a vacuous memorial to
a vanished city and the coal that lay beneath it. If the
juxtaposition of the church and coal pit seems surreal,

consider this: the Church of the Assumption of the
Virgin Mary used to reside 840 metres away, near the
centre of Most’s liquidated Old Town. In a triumph
of communist engineering in Czechoslovakia in 1975,
a team of scientists, preservationists and technicians
transported the 10000 ton church on custom-built
rails to its new home. Although the church stands as
a reminder of the lost old town, its miraculous journey
has also rendered it a monument to modernity, to the
ability of planners and ideologues to reconfigure the
natural and human landscape in the name of industrial
progress [5].

This deliberate reshaping of a populated area for re-
source extraction provides an invaluable case study for
examining the complexities involved in MIDR within
the context of urban planning and design. The City of
Most offers a historical and spatial tableau to assess
the immediate and long-term consequences of such an
endeavour-sociologically, spatially, and psychologically.
Unique in its history, Most presents a golden oppor-
tunity to explore how the abrupt changes inflicted by
mining activities can morph not only the geography
but also the very essence of an urban area [4]. The
city’s resettlement and subsequent evolution illumi-
nates the grander themes of spatial perception, social
resilience, and the ongoing impact of resource-centred
decisions on urban settlements.

2.1. PURPOSE

While the historical intricacies of Most city provide
a rich backdrop, the core thrust of this study diverges
from conventional urban studies. It has been approxi-
mately 50 years since Most was resettled, providing
ample data to understand the challenges and conse-
quences of resettled cities. Although gathering this
large amount of data can be very time consuming and
intense, recognizing the burgeoning role of technology
in modern research, this paper presents an artificial
intelligence (AI) framework specially tailored for data
collection in urban scenarios like Most. This paper
does not aim to present specific data findings from
Most as it is the initial stages of ongoing research,
but to lay the groundwork for how AI can be lever-
aged to garner insights into significant resettlement
situations in Figure[I] By bridging advanced compu-
tational methods with real-world urban challenges, we
seek to illuminate a path forward for more nuanced
data-driven urban planning interventions.

3. THE ROLE OF Al IN URBAN
PLANNING

3.1. CURRENT APPLICATIONS

Artificial Intelligence (AI), with its computational
prowess, is increasingly found in the realm of urban
planning. Modern cities generate vast amounts of
data daily, and AT offers tools to process, analyse, and
interpret these data to make informed decisions. From
traffic management and infrastructure maintenance to
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FIGURE 1. Map showing the resettlement from Stary Most to Novy Most [7].
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the prediction of urban growth patterns, Al-powered
algorithms assist in optimizing resource allocation and
improving urban living conditions, facilitating more
sustainable and informed planning.

Data Analysis: Al has the potential to efficiently
analyze vast amounts of data, including socioeconomic
data, environmental data, and spatial data [8]. This
enables urban planners to gain valuable insights into
the complex dynamics of post-mining cities, such as
demographic changes, economic trends, environmental
impacts, and social challenges. Al algorithms can be
applied to diverse datasets, such as satellite imagery,
sensor data, social media data, and surveys, to extract
valuable information for decision-making, providing
urban planners with valuable insights for effective
planning and resource allocation [9].

Decision-Making Support: Using machine learn-
ing algorithms, predictive modelling and simulations,
AT can generate scenarios, simulate the impacts of dif-
ferent policy interventions, and optimize resource allo-
cation. This helps stakeholders make evidence-based
decisions and assess strategies, potential outcomes,
and trade-offs. With regards to MIDR strategies, Al
tools could help identify suitable locations for reset-
tlement, evaluate the economic viability of alternative
livelihood options, and optimize the allocation of re-
sources for infrastructure development [9} [10].

Community Engagement: Al-powered plat-
forms and tools enable residents and stakeholders to
participate in decision-making, provide feedback, and
express their concerns. For instance, chatbots and vir-
tual assistants can be used for community queries and
providing information about the resettlement process
in MIDR contexts. Moreover, natural language pro-
cessing algorithms can analyze social media data and
public sentiments, helping urban planners understand
community perceptions and concerns [9} [T, [12].

3.2. POTENTIAL AND LIMITATIONS

The potential of Al to reshape urban planning is im-
mense. By providing real-time insights and predictive
modelling, Al empowers urban designers to make de-
cisions that are both reactive and proactive. This
forward-thinking approach driven by data can lead to
more sustainable, efficient, and liveable urban environ-
ments. In addition, with the integration of machine
learning, urban systems can continuously adapt and
evolve based on incoming data, ensuring that cities
remain resilient in the face of changing circumstances.

Predictive Modelling: By analyzing historical
data and applying machine learning algorithms, Al-
driven decision support systems can generate pre-
dictive models that help understand the impacts of
various decisions on socioeconomic factors, environ-
mental conditions, and community well-being. This
assists urban planners in making informed decisions
and evaluating the trade-offs associated with different
strategies [13].

Optimization and Resource Allocation: Algo-
rithms such as genetic algorithms, simulated anneal-
ing, and linear programming can optimize decisions
related to land use, infrastructure development, and
community services. These optimization techniques
assist in maximizing efficiency, minimizing costs, and
ensuring an equitable distribution of resources [14, [15].

Spatial Analysis and Visualization: By inte-
grating GIS (Geographic Information System) data
with Al techniques, urban planners can analyze the
spatial distribution of affected communities, identify
areas prone to environmental risks, and optimize the
spatial layout of resettlement sites. Moreover, Al-
driven visualization tools facilitate effective communi-
cation and understanding of complex spatial informa-
tion [16].

Data-driven Decision-making: Through lever-
aging historical data, real-time information, and pre-
dictive analytics, urban planners can assess the im-
pacts of different development scenarios and make
informed decisions regarding land use, infrastructure
investments, and service provision [9] [10].

Environmental Monitoring and Management:
Combined with AT algorithms, remote sensing data
can be used to analyze land use changes, vegetation
health, and air quality in the city of Most. This
information can help develop targeted strategies for
environmental rehabilitation, identify areas of ecologi-
cal importance, and implement measures to mitigate
future environmental risks [17].

Community Engagement: Natural Language
Processing (NLP) techniques can extract insights, sen-
timents, and concerns from community interactions
and social media data, allowing urban planners to
understand community needs and concerns. This fos-
ters participatory decision-making and ensures the
resettled community’s voices are heard [9, [11] [12].

Infrastructure Planning: Machine learning mod-
els can assist in predicting future demands for hous-
ing, transportation, and community facilities through
analyzing spatial data and infrastructure require-
ments. This could potentially help in designing well-
integrated, sustainable infrastructure systems that
cater to the evolving needs of the resettled communi-
ties [I8].

However, the adoption of Al in urban planning re-
mains challenging. Ethical implications associated
with Al in urban planning strategies include fairness
and bias, transparency and explain-ability, privacy
and data security, and the need for human oversight
and accountability [19]. Ensuring fairness requires ad-
dressing biases in data collection and algorithmic mod-
els to achieve equitable outcomes [20]. Transparency
and explainability are essential to building trust and
understanding the reasoning behind Al-driven deci-
sions. Protecting privacy rights and ensuring data
security are paramount when handling sensitive in-
formation. Lastly, maintaining human oversight is
crucial to uphold accountability and ensure that Al
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FIGURE 2. Policy framework for AI implementation in MIDR.

technologies are supportive tools rather than replacing
human judgement in planning [21].

It’s also worth mentioning that along with develop-
ing AT models, there are potential risks, biases, and
limitations of such technologies. This could include
data bias, overreliance on algorithms, limited general-
ization, and the potential for a technological divide
and exclusion. Data bias can occur if the training data
used for the AI model is biased or incomplete, which
could exacerbate existing inequalities. Another risk
is over-reliance on algorithms without human judge-
ment, which can result in unintended consequences or
inaccurate results, emphasizing the need for Al to be
seen as a supportive tool rather than a replacement for
human expertise. Al models may have limitations in
generalizing the complexities of specific post-mining
cities like Most, requiring cautious interpretation. Fur-
thermore, implementing Al in urban planning may
create a technological divide, leaving specific com-
munities behind due to unequal access and digital
literacy. Efforts should be made to address these risks
and ensure equitable access to Al-driven tools and
their benefits for all communities involved in MIDR
initiatives.

In order to properly address these ethical consider-
ations and potential risks, it is vital to establish clear
guidelines, regulations, and ethical frameworks for
using Al in urban planning. Transparency, inclusivity,
fairness, and accountability should be at the forefront
of AI implementation, ensuring the technology is har-
nessed to enhance decision-making processes while
safeguarding the well-being and rights of the affected
communities.
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4. PROPOSED Al FRAMEWORK FOR
DATA COLLECTION

4.1. NECESSITY

In the realm of urban planning, data are a corner-
stone, shaping our understanding of cities and in-
forming our interventions. The intricate challenges
that cities face, especially those undergoing significant
transformations such as Most city, necessitate a ro-
bust data-driven approach. Data not only capture the
current state of affairs but also reveal patterns, allow-
ing planners to anticipate future challenges. However,
the sheer volume and complexity of urban data often
transcends traditional analytical capacities. Herein
lies the need for an Al-driven approach capable of
delving deep into vast datasets, extracting pertinent
insights, and guiding data-centric urban interventions.

4.2. FRAMEWORK DESIGN

The proposed Al framework is tailored to address
the unique challenges and requirements of urban data
collection, particularly in contexts such as Most city.
At its core, the framework employs advanced machine
learning algorithms that are trained to process and
interpret urban data. These algorithms are designed
to handle a diverse range of data sources, from satel-
lite imagery and urban infrastructure data to socioe-
conomic indicators. The framework also integrates
real-time data-collection tools, ensuring that the in-
sights generated are timely and relevant. Moreover,
given the dynamic nature of cities, the framework is
adaptive and evolving in response to new data, en-
suring that the analysis remains pertinent as urban
landscapes change.

In this diagram, see Figure [2] the policy frame-
work for AI implementation in MIDR strategies is
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presented as a comprehensive system composed of five
key components:

e Regulatory Frameworks: This component focuses
on establishing ethical guidelines, privacy regula-
tions, and transparency requirements to govern the
responsible use of Al in MIDR initiatives.

o Inclusivity and Equity: This component emphasizes
conducting community needs assessments, mitigat-
ing biases and disparities, and ensuring fair and just
resettlement outcomes.

e Data Collection and Analysis: This component high-
lights the importance of collecting high-quality and
diverse data relevant to MIDR, utilizing Al-driven
data analysis techniques, and ensuring responsible
data handling.

e Community Engagement and Participation: This
component emphasizes collaborative decision-
making, transparent communication, and empow-
ering affected communities throughout the MIDR,
process.

e Capacity Building and Training: This component
involves developing AI knowledge and skills among
stakeholders, providing training on ethical Al use
and implications, and utilizing participatory plan-
ning techniques.

Together, these components form a robust policy
framework that promotes responsible and inclusive
AT implementation in urban planning strategies for
MIDR. The framework emphasizes ethical considera-
tions, inclusivity, community engagement, data-driven
decision-making, and capacity building, ensuring that
AT technologies are used to enhance the MIDR process
while addressing the specific needs and challenges of
affected communities.

4.3. POTENTIAL APPLICATIONS

Although the framework is general in its design, its
application to specific scenarios, such as the City of
Most offers immense potential. Given Most city’s rich
history and the myriad challenges stemming from its
resettlement, the framework can be used to collect
and analyse data pertaining to their urban infrastruc-
ture, socio-economic dynamics, and cultural shifts. By
doing so, planners and policymakers can gain a com-
prehensive understanding of a city’s current state,
anticipate future challenges, and design interventions
that resonate with its unique context. Beyond Most,
the modular design of the framework allows it to be
adapted to other cities facing similar urban challenges,
making it a versatile tool in the urban planner’s arse-
nal.

5. BRIDGING THE CITY OF MOST WITH
THE Al FRAMEWORK

5.1. INTEGRATION

The story of Most city, with its intricate tapestry
of historical, socio-economic, and urban challenges,

serves more than just a backdrop; it underscores the
need for sophisticated data analysis tools such as the
AT framework. Although technologically advanced, an
Al-centric methodology derives its true value from its
application to real-world challenges. Most city, with
its unique trajectory of resettlement and subsequent
urban challenges, exemplify the complex urban scenar-
ios that demand a nuanced, data-driven approach. By
integrating the detailed account of Most city’s chal-
lenges with the proposed Al framework, the research
aims to ensure that the technology is not viewed in
isolation, but rather as a tool intricately linked with
the city’s narrative. This integration not only bolsters
the relevance of the Al framework but also enriches
our understanding of Most city through a data-centric
perspective.

5.2. FUTURE APPLICATION

It is crucial to emphasize that the current phase of
this research is preparatory. Although the Al frame-
work is presented in detail, its application to Most city
remains a future endeavour. However, this prepara-
tory nature does not diminish the significance of this
study. This study set the groundwork for imminent
data collection and analysis by proposing a robust Al-
driven methodology tailored for urban settings. The
insights garnered from such future applications have
the potential to revolutionize our understanding of
Most city and provide actionable recommendations for
its continued urban development. This study, there-
fore, serves as both a testament to the potential of
AT in urban planning and a prologue to its practical
application in cities like Most.

6. CONCLUSION

6.1. SUMMARY

Urban planning, ever evolving in its complexities, de-
mands innovative tools and methodologies to address
multifaceted challenges. This research sought to high-
light one such tool: an Al-driven framework tailored
for urban data collection and analysis. Through the
lens of Most city’s unique narrative of mining-induced
displacement and resettlement, we underscored the
pressing need for such advanced analytical tools. The
City of Most rich history and subsequent urban chal-
lenges, serves as a poignant reminder of the intricacies
inherent in urban planning. While technologically
sophisticated, the proposed Al framework is anchored
in addressing real-world challenges, ensuring that its
relevance extends beyond theoretical discourse.

6.2. FUTURE DIRECTIONS

Although the current phase of this research lays the
foundational groundwork, the journey ahead is both
promising and demanding. The next step involves the
actual application of the Al framework to Most city,
embarking on comprehensive data collection and anal-
ysis. This hands-on application will not only validate
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the framework’s efficacy, but also provide invaluable
insights into the city’s urban dynamics. Moreover,
as with all technological tools, the AI framework will
undergo iterative refinements, adapting to nuances
unearthed during its application. Beyond Most city,
the potential of this framework extends to other ur-
ban settings with similar challenges, positioning it as
a versatile and impactful tool in an urban planner’s
toolkit.
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