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ABSTRACT
Urban energy consumption plays a critical role in global energy use, with cities accounting for over 70% of energy 
demands and greenhouse gas emissions, making it essential to implement innovative, energy-efficient solutions, predictive 
management, and sustainable building practices to reduce these impacts. The Urban Heat Island (UHI) effect, worsened 
by overpopulation and rapid urbanization, further aggravates energy demands and urban warming. Addressing these 
challenges requires the integration of renewable energy technologies and advanced analytics, including Machine Learning 
(ML), to optimize urban energy systems and predict high-demand periods. This paper assesses the impact of urban energy 
consumption on efficiency challenges and the role of renewable energy, based on articles from leading journals over 
the past two decades. It evaluates the effectiveness of renewable energy solutions, such as solar, wind, geothermal, and 
biomass, in mitigating urban warming and advancing sustainable energy practices, with a focus on ML-driven predictive 
strategies. The analysis begins with a review of energy consumption in urban buildings, highlighting the UHI effect and 
primary drivers of energy use and efficiency challenges. It then examines urban warming and the implementation of 
renewable energy solutions optimized for specific locations using data-driven techniques. Finally, the paper discusses 
the challenges and future prospects of renewable energy transitions in urban environments, emphasizing that adopting 
renewable technologies, combined with ML-enabled energy management, can reduce carbon footprints by up to 40%, 
support the 2030 targets of lowering per capita energy use and CO2 emissions by 30%, and advance the global goal of 
climate neutrality by 2050.
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Highlights
•	 Urban energy use exceeds 70% of global consumption, 

exacerbated by the UHI effect.
•	 Renewable energy, combined with ML-driven management, 

reduces urban warming and carbon emissions by up to 40%.
•	 Data-driven renewable integration is critical for achieving 

2030 targets and climate neutrality by 2050.

Introduction
Urban buildings are at the forefront of global energy consumption 
and carbon emissions, with urban areas accounting for 
approximately 80% of total energy demand and contributing over 
60% of global CO2 emissions [1]. As urbanization accelerates, 
already housing over half of the world’s population and projected 
to reach 68% by 2050, energy consumption within cities is 
increasing at an unprecedented rate [2]. Buildings are central to 
this trend, as their energy needs for heating, cooling, lighting, 
and appliances make them major contributors to greenhouse 
gas emissions [3]. The Urban Heat Island (UHI) effect further 
exacerbates this issue, leading to higher temperatures in cities 
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and a subsequent 10-20% increase in cooling energy demand 
[4]. These challenges necessitate the adoption of innovative, 
energy-efficient building designs and experimentally validated 
practices, which align with the growing need for sustainable urban 
environments, as emphasized by current advancements in building 
science research. For instance, ultra-high-density cities like Hong 
Kong see buildings account for up to 90% of electricity use and 
over 60% of carbon emissions [4]. Addressing this challenge, 
Urban Building Energy Models (UBEMs) have emerged as a 
critical tool, integrating data from multiple sources to simulate 
and optimize energy consumption across entire urban districts [5]. 
By leveraging UBEMs, cities could potentially achieve a 20-30% 
reduction in energy use, significantly cutting CO2 emissions and 
advancing global climate change mitigation efforts.

Urban areas, home to over 56% of the global population, are 
responsible for nearly 70% of global CO2 emissions due to the 
high energy demands of buildings, transportation, and industrial 
activities [6]. Approximately 40% of urban energy use is dedicated 
to heating and cooling, which is primarily powered by fossil fuels, 
resulting in substantial greenhouse gas emissions [7]. The Urban 
Heat Island (UHI) effect intensifies this problem, with urban 
temperatures being up to 5°C higher than surrounding rural areas, 
thereby increasing cooling demands by 10-20% during summer 
months [8]. Renewable energy solutions, such as solar and 
wind power which can meet up to 50% and 30% of a building’s 
energy needs, respectively along with geothermal and biomass 
energy, provide viable and sustainable alternatives [9]. Reducing 
urban energy consumption by 20% could lower CO2 emissions 
by approximately 14%, while adopting renewable energy could 
reduce a building’s carbon footprint by up to 40% [10]. These 
strategies are therefore essential for mitigating urban contributions 
to global warming and promoting long-term sustainability.

The transition to renewable energy in urban areas presents 
significant challenges that must be addressed to achieve a sustainable 

energy future [11]. Key obstacles include the modernization and 
integration of energy grids, which are currently ill-equipped to 
handle the decentralized and variable nature of renewable sources 
such as solar and wind [12]. Economic challenges also arise, 
particularly the high initial investments needed for renewable 
infrastructure, which are difficult to achieve in developing cities 
with limited resources [13]. Social challenges, including public 
acceptance, awareness, and local opposition, further complicate 
the adoption of renewable energy technologies [14]. Despite 
these hurdles, urban areas are expected to lead the global energy 
transition, with projections suggesting that renewables could make 
up two-thirds of the world's primary energy supply by 2050 [15]. 
Successfully navigating this transition will require significant 
infrastructure upgrades, technological advancements, and strong 
policy support, making urban centers crucial in the global push 
toward renewable energy.

Urban areas, responsible for about 70% of global CO2 
emissions, face substantial energy demands driven by buildings, 
transportation, and industrial activities, highlighting the urgent 
need for innovative building solutions and proven energy 
efficiency strategies to mitigate these impacts [16]. This review 
critically examines urban energy consumption, with the novel 
aim of identifying underexplored strategies to enhance energy 
efficiency and integrate sustainable solutions in urban settings. It 
highlights key factors such as the Urban Heat Island (UHI) effect, 
which increases cooling demands by 10-20%, thereby intensifying 
overall energy use. The review also explores the pivotal role of 
renewable energy technologies in addressing these challenges, 
focusing on studies published in esteemed journals over the past 
two decades. It begins by analyzing energy consumption in urban 
buildings, emphasizing the UHI effect and the primary drivers of 
energy use and efficiency challenges, particularly overpopulation 
and rapid urbanization. It then examines urban warming and the 
application of various renewable energy solutions tailored to 
specific locations. Finally, it addresses the challenges and future 

Figure 1: Bibliography Analysis a) Percentage No. of Papers in Different Journals. b) No. of Journals by Different Publishers
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prospects of renewable energy transitions in urbanized settings. 
The review underscores that embracing renewable technologies 
can reduce carbon footprints by up to 40%, support the 2030 goals 
of lowering per capita energy use and CO2 emissions by 30%, and 
advance the global objective of achieving climate neutrality by 
2050.

Bibliometric Analysis
This bibliometric study provides a comprehensive overview 
of contemporary re-search on urban energy consumption and 
renewable solutions. By systematically analyzing citations from 
a broad spectrum of high-impact journals, the study offers a de-
tailed mapping of scholarly production and dissemination in this 
field. The analysis focuses on several key indicators, including 
citation counts, journal classifications, and publication trends, 
to provide a nuanced understanding of the academic landscape. 
It identifies major academic contributors, influential institutions, 
and significant research networks, shedding light on how these 
elements interact to advance the discourse on urban energy and 
sustainability.

The study analyzed a total of 250 papers, from which 100 were 
selected for a detailed bibliometric assessment, all published in 
reputable journals (Figure 1). This diverse classification reflects 
the paper’s substantial influence across various tiers of scholarly 
recognition. The year-wise trend analysis shows a significant rise in 
citations in recent years, indicating a growing impact and relevance 
of the research over time. This trend underscores the increasing 
importance of the paper in contemporary discussions on urban 
energy management and renewable solutions. Furthermore, the 
study highlights the dominance of notable publishers like Elsevier, 
which has contributed extensively to the field (Figure 2), along with 
other reputable publishers such as MDPI, Wiley, and Springer. 
This detailed bibliometric assessment not only demonstrates the 
wide acceptance and scholarly impact of the research but also 
underscores its critical role in advancing academic and practical 
discussions on sustainable development. The findings indicate a 
shift in research focus towards innovative energy solutions that 
align with global sustainability goals. Additionally, the increasing 
collaboration among authors from various institutions suggests a 
collective effort to address the pressing challenges in urban energy 
management. Ultimately, these insights can guide future research 
directions and policy formulation in the realm of renewable energy.

Energy Consumption in Urban Buildings
Urban areas, with their dense populations and Urban areas, with 
their dense populations and extensive infrastructure, are the 
primary consumers of global energy resources. As urbanization 
intensifies, with over half of the world's population now residing 
in cities, a figure expected to reach 68% by 2050, energy demand 
is increasing at an unprecedented pace [2]. Buildings, which 
are central to urban life, account for a significant share of this 
consumption, representing approximately 80% of urban energy 
demand and contributing to over 60% of global CO2 emissions 
[17] (Figure 2). Factors such as construction methods, material 

selection, and building design play a critical role in determining 
energy usage [18]. Additionally, urban phenomena like the Urban 
Heat Island (UHI) effect exacerbate energy consumption, as higher 
temperatures lead to increased cooling requirements [19]. The 
diverse energy needs of urban buildings, from heating and cooling 
to lighting and appliance use, make them major contributors 
to greenhouse gas emissions, directly linking urban energy 
consumption to global climate change [20]. Urban buildings 
alone account for about 40% of total global energy consumption, 
and implementing advanced energy efficiency measures could 
potentially reduce this consumption by 20 to 30%, significantly 
lessening their impact on global CO2 emissions and aiding in 
climate change mitigation efforts [20,21].

Figure 2: Percentage Building Activities Consuming Energy and Emitting 
CO2 [21].

In response to these challenges, the development of Urban 
Building Energy Models (UBEMs) has emerged as a vital tool 
for understanding and optimizing energy use at the city level. 
Unlike traditional Building Energy Models (BEMs), which 
focus on individual structures, UBEMs provide insights into the 
collective energy performance of entire urban districts [22]. By 
integrating data from various sources, including remote sensing 
and Geographic Information Systems (GIS), UBEMs can simulate 
energy consumption across a wide range of urban scenarios with 
high accuracy, even at aggregated scales [23]. These models 
integrate detailed building data, local climate, and occupancy 
patterns to provide a comprehensive view of urban energy use 
[24]. This helps city planners and policymakers make informed 
decisions to cut energy consumption, reduce the Urban Heat 
Island effect, and address climate change [25]. UBEMs also enable 
scenario-based analysis to evaluate the impact of energy efficiency 
measures, retrofitting strategies, and renewable energy integration 
at the district or city level [26].

However, implementing UBEMs effectively requires accurate, 
real-time data, which can be costly and time-consuming to 
gather [26]. Emerging technologies such as machine learning and 
artificial intelligence are increasingly being applied to enhance 
UBEMs and BEMs. Machine learning algorithms can analyze 
historical and real-time energy usage, weather patterns, occupancy 
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data, and building characteristics to predict energy consumption 
more accurately, identify high-demand zones, and optimize energy 
distribution in urban areas [27,28]. For instance, supervised learning 
models such as Random Forests or Neural Networks can forecast 
peak energy demands, while unsupervised algorithms can detect 
unusual consumption patterns and inefficiencies. Reinforcement 
learning can also be applied in smart building management 
systems to dynamically adjust heating, cooling, and lighting 
based on occupancy and weather conditions, further improving 
energy efficiency [28,29]. Integrating these ML techniques into 
urban energy management can accelerate reductions in energy 
use and emissions, potentially achieving 20 to 30% savings while 
contributing to climate change mitigation and supporting the 
transition to more sustainable, resilient cities [20,25,27].

By leveraging advanced tools like UBEMs, BEMs, GIS, and 
integrating machine learning for predictive analytics and 
optimization, cities can more effectively manage the approximately 
80% of urban energy consumption attributed to buildings. This 
integrated approach not only enables substantial reductions in 
energy use and CO2 emissions [20,27] but also provides actionable 
insights for policymakers, urban planners, and engineers to 
design energy-efficient cities [25,29]. Predictive analytics 
allows for identifying high-energy-demand zones, optimizing 
renewable energy deployment, and mitigating the Urban Heat 
Island effect, all while aligning with sustainable development and 
climate neutrality targets [21,27,28]. The combination of these 
advanced methodologies ensures that urban energy systems are 
more resilient, efficient, and capable of addressing the pressing 
challenges of global climate change [26,29].

The Urban Heat Island Effect and Machine Learning 
Applications
Recent urbanization has drastically altered the surface energy 
balance in major cities, resulting in significant shifts in local and 
urban climatic conditions. Over 60% of the global population now 
lives in urban areas, and this figure is rapidly increasing [6]. This 
rapid expansion is closely linked to the Urban Heat Island (UHI) 
effect, where cities experience significantly higher temperatures 
than their surrounding rural areas [28]. This phenomenon is largely 
driven by materials such as concrete and asphalt, which have high 
heat capacity and thermal conductivity, absorbing and retaining 
solar radiation more than natural landscapes [29]. Consequently, 
there is a noticeable temperature difference between urban and 
rural environments, especially at night. Research consistently 
shows that UHI intensity is greater at night due to variations in land 
cover and surface energy distribution [30]. For instance, studies in 
Athens have highlighted considerable surface warming associated 
with urban growth and decreased vegetation, while research 
in Bangladesh has documented a 3–8°C rise in land surface 
temperatures from 2000 to 2019 due to rapid urbanization [31]. 
The UHI effect is estimated to contribute to an additional 10–20% 
increase in cooling energy demand in urban areas, underscoring 
the critical need for effective urban planning and energy-efficient 
solutions.

The building sector is a significant contributor to global energy 
demand and carbon emissions, with cooling and heating needs 
accounting for approximately 65% to 80% of final energy 
consumption in buildings [21]. The UHI effect exacerbates this 
issue by increasing cooling demands in urban areas [32]. As 
cities grow and temperatures rise, the energy required for cooling 
systems also escalates, particularly in regions where cooling 
needs are becoming more prevalent [32]. In ultra-high-density 
cities like Hong Kong, buildings can account for up to 90% of 
electricity demand and over 60% of carbon emissions [33]. With 
around 2 billion air conditioning units in use worldwide, cooling 
energy demand is projected to triple by 2050 if current efficiency 
levels are maintained [34]. Accurate modeling of the UHI effect is 
crucial for global energy conservation and decarbonization efforts, 
underscoring the urgent need for sustainable urban planning and 
energy-efficient technologies [36]. Emerging technologies, such 
as machine learning, can enhance UHI modeling by analyzing 
high-resolution satellite imagery, meteorological data, and urban 
infrastructure characteristics to predict UHI intensity in real time. 
Machine learning models, including neural networks and ensemble 
learning algorithms, can identify hotspots, assess vegetation and 
surface material impacts, and provide actionable insights for urban 
planners to implement cooling strategies, optimize green spaces, 
and reduce energy consumption in buildings [27,28].

Figure 3: Global Energy Consumption Rate by Buildings [37-41].

Between 2000 and 2023, global energy consumption surged 
markedly due to rapid urbanization. According to the International 
Energy Agency (IEA), energy use in the Middle East jumped 
by 80%, China by 55%, and India by 99%, underscoring the 
significant impact of urban growth and industrial expansion [37] 
(Figure 3). Conversely, energy consumption in the USA rose by 
only 10%, while Latin America saw a 75% increase and the EU-
27 experienced a 10% rise [38]. In Pakistan, energy consumption 
grew by 55% over this period, reflecting the country's shift 
towards increased energy use driven by rapid urbanization and 
economic development [39]. Globally, energy demand increased 
by 45% during this time. This rise in consumption is closely 
linked to urban expansion, which heightens the demand for 
housing, transportation, and public services [40]. As cities grow, 
the need for energy-intensive infrastructure and services escalates, 
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leading to greater reliance on fossil fuels and a subsequent rise 
in CO2 emissions [41]. Machine learning can play a vital role 
in addressing these challenges by forecasting energy demand, 
optimizing cooling strategies, and evaluating the potential of 
renewable energy deployment in urban zones. Predictive ML 
models can integrate UHI intensity, historical energy usage, and 
climatic data to recommend targeted interventions that reduce 
energy consumption and associated emissions. Ignoring the 
UHI effect could lead to a 50% increase in urban cooling energy 
consumption by 2050. To combat this, it is essential to enhance 
energy efficiency, implement ML-driven energy management 
solutions, and transition to renewable sources, aiming to reduce 
per capita energy use and CO2 emissions by at least 30% by 2030 
for a sustainable future [27,28,40].

Major Energy Drivers, Efficiency Challenges, and Machine 
Learning Applications in Buildings
Energy consumption in buildings is shaped by a variety of factors 
that differ by region, building type, and socioeconomic context. 
Key drivers include population growth, economic development, 
urbanization, and climatic conditions [42] (Table 1). In non-
OECD countries, rapid urbanization and population growth are 
primary contributors to high energy consumption in residential 
buildings [43]. As cities expand, the demand for housing, heating, 
cooling, and lighting increases significantly due to rising economic 
activity and higher disposable incomes [43]. Conversely, in OECD 
regions, energy use is more influenced by economic shifts toward 
service-based industries and the adoption of energy efficiency 
measures [44]. Climatic conditions are also critical; hot climates in 
Asia and the Middle East lead to substantial energy consumption 
for cooling, while cold climates in Europe and North America 
result in high energy use for heating [45]. Additionally, the rise 
in teleworking following the COVID-19 pandemic has altered 
energy consumption patterns, increasing residential energy use 
during daytime hours [46]. Machine learning techniques can 
enhance understanding of these energy drivers by analyzing large 
datasets, identifying patterns, and forecasting energy demand 
across different building types and climatic zones. For example, 
predictive ML models can assess the impact of urbanization, 
population growth, and changing weather patterns on energy 
consumption, enabling policymakers and building managers to 
design targeted efficiency strategies [27,28].

In Europe, enhancing energy efficiency in buildings is an urgent 
priority. Buildings account for 42% of Europe's energy consumption 
and 36% of its greenhouse gas emissions, underscoring the need 
for effective renovation [51]. Many residential buildings in Europe, 
constructed before 1970, have outdated systems and low energy 
efficiency. The EU’s Energy Performance of Buildings Directive 
and Energy Efficiency Directive impose stringent requirements 
and encourage renovation [52]. Despite these initiatives and some 
progress in reducing household energy use, challenges remain, 
such as balancing modernization with the preservation of historical 
buildings [53]. Efforts like the European Green Deal and the 
Renovation Wave aim to boost renovation rates and incorporate 

renewable energy sources [54]. Machine learning can support 
these efforts by optimizing energy retrofits, modeling the effects 
of different renovation strategies, and predicting energy savings 
for specific buildings or districts. ML algorithms can also integrate 
climatic, socioeconomic, and building-specific data to prioritize 
interventions where energy reductions will be most effective, 
helping overcome financial and technical limitations [27,28]. 
If energy drivers like urbanization and overpopulation continue 
to increase, achieving the global target of a 55% reduction in 
greenhouse gas emissions by 2030 and climate neutrality by 
2050 could be at risk, potentially leading to continued high levels 
of energy consumption and environmental degradation in the 
building sector.

Table 1: Key Energy Drivers of Buildings.

Driver
Impact on Energy 

Use
Regions Affected References

Climatic 
Conditions

Drives high energy 
consumption for 
heating or cooling 
based on temperature 
extremes

Hot climates (Asia, 
Middle East), cold 
climates (Europe, 
North America)

[47]

Population 
Growth

Increases demand 
for housing, heating, 
cooling, and lighting

Non-OECD 
regions, rapidly 
urbanizing areas

[48]

Urbanization
Intensifies energy 
use in residential and 
commercial buildings

Global, with 
a focus on 
developing 
countries

[40]

Economic 
Development

Leads to higher 
energy use per capita 
due to improved 
living standards

Emerging 
economies, non-
OECD regions

[49]

Teleworking 
Trends

Shifts energy 
consumption patterns 
within residential 
buildings

Global, with 
emphasis on urban 
and suburban areas

[50]

Energy 
Efficiency 
Policies

Reduces energy 
consumption 
through improved 
building design and 
technology

OECD regions, 
developed 
countries

[51]

Urban Warming, Renewable Energy, and Machine Learning 
Applications
Urban areas significantly contribute to global warming due to 
their high energy consumption and greenhouse gas emissions. 
With over 56% of the world’s population living in cities, urban 
environments account for approximately 70% of global CO2 
emissions [55]. This is primarily driven by the energy demands 
of buildings, transportation, and industrial activities [56]. In 
many metropolitan areas, urban heating and cooling represent 
nearly 40% of total energy use, leading to substantial greenhouse 
gas emissions [57]. These energy needs are often met by fossil 
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fuels, which release considerable amounts of CO2 and other 
pollutants [57]. The Urban Heat Island (UHI) effect exacerbates 
the problem, causing city temperatures to be up to 5°C higher than 
those in rural areas due to factors like heat retention in building 
materials, reduced green spaces, and emissions from vehicles 
and industry [32]. As a result, cooling demands can increase by 
10–20% during summer, heightening energy use and emissions 
[40]. Machine learning can be applied to monitor and model urban 
warming patterns in real time, using data from satellite imagery, 
weather stations, and building energy consumption. Predictive 
ML algorithms can forecast peak cooling and heating demands, 
identify energy-intensive zones, and support targeted interventions 
to reduce urban energy use and CO2 emissions [27,28]. If cities 
were to reduce their energy consumption by 20%, it could result in 
a reduction of approximately 14% in their overall CO2 emissions, 
substantially lessening their contribution to global warming and 
easing the UHI effect [27].

Renewable energy is crucial in mitigating the climate impacts on 
building energy performance. As global temperatures rise, heating 
needs decrease in cooler regions but cooling demands increase 
in warmer areas [45]. For instance, a warmer climate can reduce 
heating energy needs by 20–30% in colder climates while increasing 
cooling requirements by up to 25% in hot climates [58]. This 
shift highlights the need for region-specific energy management 

strategies. Renewable energy sources, such as solar and wind 
power, are vital in overcoming these challenges [59]. Solar energy 
can fulfill up to 50% of a building’s energy needs in sunny regions, 
significantly reducing reliance on fossil fuels [60]. Similarly, wind 
energy can provide up to 30% of a building’s electricity in suitable 
locations [61]. Machine learning can optimize the integration of 
renewable energy into buildings by forecasting solar irradiation, 
wind speeds, and occupancy-driven energy demand, enabling smart 
energy dispatch and storage solutions [27,28,62]. ML models can 
also simulate hybrid renewable systems to determine the optimal 
combination of solar, wind, and storage capacity for reducing 
carbon footprints and minimizing reliance on grid electricity. 
Integrating renewable energy technologies into building designs 
with ML-driven optimization helps reduce emissions, enhance 
energy resilience, and support long-term sustainability [61]. 
Reducing urban energy use by 20% could cut CO2 emissions by 
14%, mitigating global warming and the UHI effect. Meanwhile, 
adopting renewable energy with machine learning optimization 
could slash a building’s carbon footprint by up to 40%, advancing 
climate change mitigation and fostering a more sustainable urban 
future [27,28,61].

Types of Renewable Energy Solutions for Buildings and 
Machine Learning Integration
Renewable energy sources are pivotal in transforming buildings into 

Table 2: Renewable Energies and their Applications in Buildings.
Type of Renewable 

Energy
Description

Applications in 
Buildings

Advantages References

Solar Energy
Converts sunlight into electricity or heat 
using PV panels or solar thermal systems.

Electricity generation, 
water heating

Reduces electricity costs, increases energy 
independence, low maintenance

[61]

Wind Energy
Harnesses wind power through small-scale 
turbines.

Electricity generation
Effective in windy areas, provides a clean 
energy source, reduces carbon footprint

[63]

Geothermal Energy
Uses the stable ground temperature for 
heating and cooling.

Heating and cooling 
systems

Energy-efficient, reliable in extreme 
climates, long lifespan of systems

[64]

Biomass Energy
Derives energy from organic materials like 
wood and agricultural residues.

Heating
Renewable alternative to fossil fuels, 
available in rural areas, supports local 
economies

[65]

Hydropower
Uses flowing or falling water to generate 
electricity.

Micro-hydro systems 
for electricity

Reliable, consistent energy supply, 
particularly in areas with rivers or streams

[66]

Hydrogen Energy
Produces energy through the chemical 
reaction of hydrogen and oxygen in fuel 
cells.

Electricity and heating
Zero emissions at the point of use, 
versatile application

[67]

Ocean Energy
Harnesses energy from ocean tides, waves, 
and thermal gradients.

Electricity generation
Abundant, renewable source in coastal 
regions, consistent energy supply

[68]

Aerothermal 
Energy

Extracts energy from the air using heat 
pumps.

Heating and cooling 
systems

Energy-efficient, works even at low 
temperatures, reduces reliance on fossil 
fuels

[69]

Ground Source 
Heat Pumps 
(GSHPs)

Utilizes the consistent temperature of the 
ground to provide heating and cooling.

Heating and cooling 
systems

Very energy-efficient, reliable across 
different climates, low operating costs

[69]

Hybrid Renewable 
Systems

Combines two or more renewable energy 
sources to maximize efficiency and 
reliability.

Electricity generation, 
heating, cooling

Increased reliability and efficiency, 
flexible system design, reduces 
dependency on single energy source

[70]
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sustainable and energy-efficient structures (Table 2). Solar energy, 
a widely adopted and accessible option, utilizes photovoltaic (PV) 
panels installed on rooftops or facades to convert sunlight into 
electricity, which powers lighting, heating, and cooling systems 
while reducing electricity bills and enhancing energy independence 
[60]. Complementarily, solar thermal systems efficiently heat 
water, particularly beneficial in sun-rich areas, thereby minimizing 
reliance on conventional heating sources [62]. Machine learning 
can enhance solar energy systems by forecasting solar irradiation, 
predicting building energy demand, and optimizing energy storage 
and distribution. Predictive ML models allow smart energy 
management, ensuring that solar electricity is utilized efficiently 
during peak demand periods and stored for later use, maximizing 
cost savings and reducing carbon emissions [27,28].

Figure 4: Global Grid Transition to Support Renewable Energy [72].

Geothermal energy, derived from the earth's stable subsurface 
temperatures, offers efficient heating and cooling through 
geothermal heat pumps. This solution is ideal for regions with 
extreme seasonal temperature variations, providing reliable 
climate control [67]. Biomass energy, sourced from organic 
materials like wood pellets and agricultural residues, serves as 
a renewable alternative to fossil fuels for heating [68]. While 
biomass is beneficial in rural areas with abundant resources, 
sustainable sourcing and emission management are essential [68]. 
Machine learning applications can further enhance both geothermal 
and biomass systems by predicting heating and cooling loads, 
optimizing fuel consumption, and scheduling energy dispatch. For 
geothermal systems, ML can forecast seasonal energy demand 
and adjust heat pump operation to maximize efficiency, while in 
biomass systems, ML can monitor fuel quality and emissions to 
ensure sustainable and low-carbon operation [27,28]. Integrating 
renewable options such as solar, wind, geothermal, and biomass 
with machine learning-driven optimization can significantly 
enhance building energy efficiency, reduce carbon footprints, and 
support the creation of smarter, sustainable urban environments. 
ML enables predictive energy management, adaptive control of 
multi-source renewable systems, and integration with smart grids, 
ensuring that renewable energy is utilized in the most effective, 
cost-efficient, and environmentally sustainable manner [27,28,61].

Challenges and Future of Renewable Energy Transition in 
Urbanization with Machine Learning Applications
The shift to renewable energy in rapidly urbanizing areas presents 
distinct technological, economic, and social challenges that must 
be addressed to ensure a sustainable energy future. A key challenge 
lies in modernizing and integrating energy grids in growing cities 
[71]. Traditional urban grids, designed for centralized fossil fuel 
production, struggle to manage the decentralized, intermittent 
nature of renewable sources such as solar and wind [73]. Upgrading 
these grids is critical for supporting widespread renewable 
deployment and efficient energy distribution [74]. For example, 
Germany’s "Energiewende" policy has achieved 85% progress in 
urban areas, highlighting the need for robust grid improvements 
[75]. Similarly, the U.S. and China have made substantial strides 
in urban grid modernization (Figure 4). Economic challenges 
are equally significant, as the high upfront investment for 
renewable infrastructure, including solar farms, wind turbines, 
and energy storage systems, must be balanced against rapid urban 
development needs [76]. These financial burdens are particularly 
acute in developing cities, where limited resources and the 
entrenched fossil fuel industry create a competitive and often 
restrictive environment for renewable initiatives. Machine learning 
can mitigate these challenges by optimizing grid management, 
forecasting energy demand, and predicting renewable generation, 
enabling cost-effective deployment and reducing the risk of energy 
shortfalls [27,28].

Figure 5: Upgradation of Infrastructures with Renewable Energies [72].

Social challenges also influence renewable energy adoption in 
urban areas. Public acceptance, awareness, and local opposition 
can significantly impact the uptake of renewable technologies 
[77]. While governmental support is crucial, grassroots 
understanding and community engagement are equally important. 
Misconceptions, lack of information, and concerns over landscape 
changes or perceived health impacts can hinder adoption of urban 
wind farms and solar installations [78]. Machine learning can 
support social engagement by analyzing community feedback, 
modeling energy savings, and visualizing the environmental 
and economic benefits of renewable systems, thereby helping 
policymakers design effective outreach and education campaigns 
[27,28]. Over the next decades, urban areas are expected to lead the 
global energy transition, with renewables projected to constitute 
two-thirds of the world’s primary energy supply by 2050 [80]. 
Countries like Denmark and Germany are already leading in urban 
renewable integration [81]. However, energy-intensive urban 
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sectors still face challenges in integrating renewables effectively, 
requiring infrastructure upgrades, innovative solutions such as 
urban renewable hydrogen, and electrification strategies [82-85] 
(Figure 5). Machine learning can assist by simulating complex 
energy systems, forecasting peak loads, and coordinating hybrid 
renewable setups, ensuring that urban energy-intensive sectors 
efficiently integrate green technologies.

Despite these benefits, renewable energy infrastructure itself has 
environmental implications that require careful management. 
The production of photovoltaic cells and wind turbines involves 
rare minerals, and unsustainable sourcing can lead to resource 
depletion and environmental degradation [86-88]. At the end of 
their life cycle, renewable components can contribute to electronic 
waste if not properly recycled [89-93]. Urban centers, with high 
population densities and energy demands, must balance the 
environmental benefits of renewable energy with these potential 
ecological impacts [94-96]. Integrating machine learning can 
support circular economy initiatives by predicting component 
lifespans, optimizing maintenance schedules, and improving 
recycling logistics for renewable energy systems [27,28].

Successfully navigating social, technological, and financial 
challenges while competing with entrenched fossil fuel industries 
will determine cities’ ability to drive the global shift toward 
sustainable energy [97,98]. Machine learning enhances this 
capacity by enabling data-driven decision-making, predictive 
energy management, and optimization of renewable deployment, 
facilitating more resilient and efficient urban energy systems 
[99,100]. Achieving truly sustainable urban development requires 
cities to maximize the benefits of renewable energy while 
minimizing environmental and social costs, paving the way for a 
cleaner, smarter, and more resilient future.

Conclusions
This review highlights that integrating renewable energy 
technologies with advanced modeling and machine learning 
approaches provides a strategic pathway to reducing urban energy 
consumption and CO2 emissions. Urban buildings account for 
approximately 80% of city energy demand and contribute over 60% 
of global CO2 emissions. By leveraging Urban Building Energy 
Models (UBEMs), Building Energy Models (BEMs), Geographic 
Information Systems (GIS), and machine learning algorithms, 
cities can simulate, predict, and optimize energy use across entire 
districts. These tools enable the identification of energy-intensive 
patterns, facilitate real-time adjustments, and provide data-driven 
strategies to achieve energy reductions of 20 to 30 percent, while 
simultaneously informing urban planning and policy development 
to address efficiency challenges.

The Urban Heat Island (UHI) effect remains a significant driver of 
increased cooling demand, with projections indicating a potential 
50 percent rise in energy requirements by 2050 if unmitigated. 
Implementing energy-efficient building designs, integrating 
renewable energy systems, and utilizing predictive modeling 

are critical strategies to address this issue. Renewable energy 
solutions, including solar, wind, geothermal, and biomass, can 
reduce building carbon footprints by up to 40 percent. Combined 
with a 20 percent reduction in overall urban energy use, these 
measures could lower CO2 emissions by approximately 14 percent, 
contributing directly to the 2030 global targets of reducing per 
capita energy consumption and CO2 emissions by 30 percent and 
supporting climate neutrality by 2050.

Successful implementation of these strategies in urban 
environments requires overcoming social, technological, and 
financial barriers. Public acceptance, regulatory support, and 
community engagement are essential to drive adoption, while 
infrastructure modernization is necessary to accommodate 
decentralized and variable renewable energy sources. Machine 
learning and artificial intelligence can enhance system efficiency 
by predicting energy demand, optimizing grid performance, and 
enabling adaptive energy management. These approaches allow 
urban centers to balance operational efficiency with environmental 
benefits, supporting a transition to sustainable and resilient urban 
infrastructure.

Combining renewable energy integration, energy-efficient building 
practices, and predictive analytics presents a holistic solution to 
the challenges posed by urban energy consumption and the UHI 
effect. Addressing energy drivers such as rapid urbanization, 
population growth, and climatic variability through these strategies 
can significantly reduce emissions, mitigate global warming, and 
foster sustainable urban development. Effective implementation at 
both building and city scales will be pivotal in establishing energy-
efficient, climate-resilient, and environmentally responsible urban 
centers.
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