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Abstract: The integration of smart buildings (SBs) into smart cities (SCs) is critical to urban develop-
ment, with the potential to improve SCs’ performance. Artificial intelligence (AI) applications have
emerged as a promising tool to enhance SB and SC development. The authors apply an AI-based
methodology, particularly Large Language Models of OpenAI ChatGPT-3 and Google Bard as AI ex-
perts, to uniquely evaluate 26 criteria that represent SB services across five SC infrastructure domains
(energy, mobility, water, waste management, and security), emphasizing their contributions to the
integration of SB into SC and quantifying their impact on the efficiency, resilience, and environmental
sustainability of SC. The framework was then validated through two rounds of the Delphi method,
leveraging human expert knowledge and an iterative consensus-building process. The framework’s
efficiency in analyzing complicated information and generating important insights is demonstrated
via five case studies. These findings contribute to a deeper understanding of the effects of SB services
on SC infrastructure domains, highlighting the intricate nature of SC, as well as revealing areas that
require further integration to realize the SC performance objectives.

Keywords: smart building; smart city; evaluation framework; artificial intelligence; OpenAI ChatGPT-
3; Google Bard

1. Introduction

The fast development of artificial intelligence (AI) has provided buildings and cities
with the ability to become smart and the power to learn. The concept of the smart city has
a complex relation to the ongoing progress and evolution of technology [1–3]. The Internet
of Things (IoT) has greatly improved the digital infrastructure of cities, making it one of
the most often-utilized forms of information and communication technology (ICT) [4].
The city’s system consists of two primary components: infrastructure and services. The
infrastructure layer includes physical components like roads, buildings, and utilities that
form the foundation of the urban system. On top of that, the services layer, also known as
the application layer, acts as the interface between the city system and its citizens [5,6]. The
integration of modern technologies like IoT, AI, digital twins, and cloud computing has
the potential to revolutionize every aspect of a traditional city, allowing objects to function
autonomously without significant dependence on external support [7–9]. The primary
idea behind smart cities is the employment of information and communication technology
within the pre-existing infrastructure of a city [7,10,11].

Smart buildings and smart cities are very intricate, with a variety of diverse technolo-
gies and systems operating in harmony [12–14]. SB evaluation methods include frame-
works to evaluate building smartness based on the Smart Readiness Indicator (SRI) [15]
and SPIRE [16]. In 2018, the European Commission introduced the SRI framework to assess
buildings for smart technology readiness, including building systems integration, real-time
data, and human-centered design. UL Solutions, a global leader in applied safety research,
created the SPIRE certification program to promote SB sustainability, performance, innova-
tion, dependability, and user-friendliness. Since SBs incorporate sustainable construction
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practices, BREEAM, LEED, DGNB, and other national frameworks guide sustainable build-
ing design, construction, and assessment. The European Commission recently launched
LEVEL(s), a sustainable building framework that relates construction performance to policy
goals [17–20].

Several SC assessment frameworks including Urban Metabolism (UM) by Derrible
et al. [21], the European Green Capital Award [22], the Sustainable Cities Index [23], ur-
ban sustainability indicators by Mega and Pedersen, 1998 [24], and the Smart City Index
(SCI) [25]. Reference Framework for Sustainable Cities (RFSC) [26], United for Smart Sus-
tainable Cities (U4SSC) [27], and Cities in Motion Index (CIMI) [28] are essential in assessing
and enhancing the quality of life, environmental effects, and resource management in urban
areas. By emphasizing social welfare, economic efficiency, and environmental excellence,
these models aim to provide far-reaching measures to help stakeholders understand and
improve resilience and urban sustainability.

Mega and Pedersen [24] suggested urban sustainability metrics that offer a whole
range of assessments for city performance. The European Green Capital Award recog-
nizes cities that have made significant advancements in improving the surroundings and
supporting creative municipal sustainability projects. Offering a whole picture of ur-
ban sustainability to guide policy-making, the Sustainable Cities Index evaluates cities
depending on social, environmental, and financial criteria. Derrible et al. [21] defined
Urban Metabolism (UM) as a technique for tracking and evaluating material and energy
movement throughout metropolitan areas. Its goal is to find inefficiencies and enhance
approaches to sustainability.

Still, these models have some notable limitations: difficulties establishing standard-
ization, data access, data management of complexity, and data correctness. One must
constantly improve the data infrastructure and assessment processes if one is to overcome
these challenges. Dealing with these constraints will help to maximize the effectiveness of
these systems in promoting sustainable urban development and improving the quality of
life for city people.

However, there are only a few studies analyzing the interconnection of SB and SC per-
formance. Existing frameworks like [29–32] evaluate technical and non-technical aspects of
SB integration into the SC system, but they face challenges in handling dynamic urban situ-
ations and fast-changing technology. They also struggle to reflect complicated relationships
between SBs and urban systems, and find it challenging to assess long-term intelligence
and efficacy. More comprehensive methods that can evaluate building characteristics, envi-
ronmental sustainability and new technology while enhancing interoperability between
particular smart projects and larger metropolitan networks are needed. It is increasingly
acknowledged that the evaluation of SBs should not be done in isolation, but rather in
terms of their integration with broader smart city systems and goals [33,34]. The integration
of SBs into smart cities poses a multitude of challenges that require thorough and adaptable
evaluation methodologies [35,36]. It has been noted that a significant challenge is the
absence of standardized assessment frameworks [37].

Lately, numerous applications, including chatbot development, language translation,
computer vision, sentiment analysis, voice recognition, and text summarization, have made
use of Natural Language Processing (NLP), allowing computers to understand, interpret,
and generate human language [38]. Large language models (LLMs) have revolutionized
the domain of NLP, as they have significantly increased the capacity of computers to ac-
curately and efficiently comprehend and generate human language [39]. This includes
emerging applications from question-answering systems to language translation [39,40].
Deep learning (DL) techniques are used by large language models to improve the effec-
tiveness of conventional NLP tasks such as sentiment and contextual analysis. This was
accomplished by increasing the number of training datasets and leveraging sophisticated
computer capabilities. This illustrates the ongoing attempt to attain and surpass the level
of proficiency that humans possess in understanding and articulating language [41,42].
However, there is a lack of studies on the use of deep learning and NLP in the context



Sustainability 2024, 16, 8032 3 of 35

of SB. This is apparent from the scarcity of research undertaken by [43,44]. The scientific
literature has not investigated how sophisticated AI applications may be used to evaluate
SBs’ impact on smart city performance. DL algorithms in LLMs offer a more complete and
accurate assessment of the variables influencing complex and multidimensional systems
than traditional approaches, even though NLP is capable of handling enormous volumes
of linguistic data from several sources [45–47].

The primary aim of this research is to develop and validate a comprehensive method-
ology for evaluating how well SB services are integrated into the larger SC ecosystem and
infrastructure. The framework’s specific objective is to assess how different SB components
affect the performance of SCs in terms of three important areas: resilience, efficiency, and
environmental sustainability. Additionally, it aims to ascertain the relative significance
and order of precedence of several SC infrastructure sectors (energy, transportation, water,
waste, and security) to facilitate the efficient integration of SBs. Large language models
(LLMs) like Google’s Bard and OpenAI’s ChatGPT-3 are used in the study as expert evalua-
tors to analyze the intricate relationships and interdependencies between SC infrastructure
and SB services in order to accomplish this goal. Thus, this study advances the field by
moving beyond the siloed treatment of SBs and SCs. It proposes a framework not only
for bridging the links between the two complex systems but also innovative tools for
assessing their integration. This approach is expected to promote a more resilient, efficient
and sustainable urban environment, and ultimately contribute to the broader objectives of
smart urban development.

The layout of the paper is as follows: Firstly, a review of the recent SBs and smart
city research, followed by existing assessment frameworks, related to the integration of
SB into SC is presented, and the applications of advanced artificial intelligence including
NLP and LLMs for SBs and smart cities are analyzed. To accomplish the study objective,
the detailed methodology is elaborated, encompassing the theoretical framework and
suggested evaluation techniques, with a particular focus on leveraging the expertise of
OpenAI ChatGPT-3 and Google Bard as AI specialists, as well as framework validation.
Next, analyses and a discussion of the results of utilizing the suggested framework in
five demonstration cases follow. Ultimately, the study culminates with conclusions and
prospects for further investigations.

2. Literature Review
2.1. Smart Buildings and Smart Cities

SBs play a crucial role in the efficient performance of SCs [5,30,31,48]. They have the
potential to bring about positive changes such as resilience, sustainability, connectedness,
and smart environments for people all over the world. This global shift towards smarter
buildings is a significant step forward [48,49]. SB uses cutting-edge digital technologies,
algorithms and analytics to provide substantial benefits to tenants, building owners and
operators. These cutting-edge technology applications can be divided into six groups:
energy, mobility, well-being, security, water, and waste management [29,50]. In the various
phases of the building’s life cycle, the activity and interaction between SBs, cities and other
entities in the civic ecosystem is unique. Some of these interactions are very similar to those
between the city and traditional buildings [33,48]. SBs, on the other hand, offer enhanced
interactions due to their advanced energy and digital infrastructures and capabilities.
Chan [33] argues that these interactions generate numerous opportunities and value for the
smart city, resulting in both direct and indirect benefits. Previous studies have highlighted
various challenges and barriers to the adoption of advanced technologies in SBs [37,51].
These include the lack of a clear SC [52] and SB definition [41]; difficulties arising from defi-
ciencies in the city’s infrastructure [53,54]; limited knowledge about the benefits of SBs in
relation to smart city performance [33,55,56]; a shortage of qualified professionals [57]; un-
defined basic dimensions of SBs [58]; and a lack of insights for policymakers regarding the
impacts of SBs [37]. Additionally, the absence of automated evaluation schemes [37,55] and
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regulations for achieving a specific level of smartness further complicates the widespread
adoption and integration of smart technologies [29,59].

AI is a vast and ever-growing area of research that includes several subfields, methods,
and applications, such as machine learning (ML), deep learning (DL), Expert Systems,
Natural Language Processing (NLP) [44], Large Language Models (LLMs) and generative
chatbots [60]. Within the realm of smart cities, AI utilizes sophisticated algorithms to allow
machines to replicate human intelligence, acquire knowledge from data, recognize patterns,
and make informed decisions [61]. Alahi et al. [8] stated that the integration of AI, ML, DL,
IoT, and Large Language Models (LLMs) in smart city development offers a promising
avenue for sustainable urban growth in today’s dynamic landscape. LLMs present certain
challenges in terms of bias in output, decision-making, and effective utilization [61,62].
However, they hold promise for enhancing natural language understanding and interac-
tion. Wolniak and Stecula [63] highlight the challenges that arise when implementing AI
solutions for SBs in smart cities. These challenges include privacy concerns related to the
collection and use of personal data, as well as concerns about reliability and safety in the
physical context. Issues such as infrastructure limitations, insufficient internet connectivity,
or outdated hardware can pose challenges when it comes to implementing AI-powered
systems. The authors also proposed sustainable resource management as a potential avenue
for integrating AI solutions into SBs. This approach aims to improve resource efficiency and
conservation in areas like energy, water, and security. By leveraging AI-powered platforms,
communities can be empowered to make informed decisions and actively participate in
civic matters. Additionally, this can contribute to environmental sustainability and the
adoption of renewable energy sources.

2.2. Review of the Existing Evaluation Frameworks for Smart Building Integration into
Smart Cities

Two notable frameworks have been developed to evaluate the integration of SBs into
smart cities. The first framework is the SB Integration into a Smart City (SBISC) evaluation
framework developed by Apanaviciene et al. [30], which focuses on both the technical
and non-technical aspects of SB performance, connectivity, communication, and levels of
integration into an SC system. This framework comprehensively assesses SB integration
at a certain SC digital platform ICT layer based on [64], and aligns with the logic of the
proposed ICT architecture of SC by [65,66] considering various technological aspects such
as energy management, infrastructure management, and smart security systems. The SBISC
framework aims to define the features that SBs should carry in order to be compatible with
the overall context of the SC and to enhance urban living, where it is defined by the SB
performance score in each domain of SC based on the level of SB integration into the SC
ICT platform, taking into consideration the physical and functional characteristics to their
integration with the broader SC infrastructure. Research into the application of the SBISC
framework for nine SB cases in different smart cities of the world has shown that it can be
used successfully to evaluate SB integration in SC settings, and indicates the potential for
future enhancements.

Further improvements are required to address the impact of technological develop-
ments and dynamic factors on the long-term integration of SBs. The authors of a Com-
parative Study of Real Estate Development found that the integration of SB technologies
into the SC environment requires careful evaluation and regulation for different stages of
SB development [31]. The evaluation of 10 real estate developments has shown that in
some cases, the current level of urban intelligence is not sufficient for SB integration at its
full potential. Despite the technical advancements of individual real estate projects, their
integration into SC networks is hindered by the cities’ interoperability capabilities. Hence,
revising the framework in response to the emergence of novel information and technology
might be necessary.

The second framework evaluating cities and real estate smartness and integration [31]
utilizes and expands the main idea of the SBISC evaluation framework analyzed above.
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The primary objective of this research is to highlight the significance of characteristics and
indicators that enhance the intelligence and integration of real estate projects within the
urban setting of smart cities. The framework is organized into seven categories: smart
governance, smart people, smart infrastructure, smart energy, smart environment, smart
technology, and real estate status. This study examined current SC indexes and SB frame-
works to define the benchmarks used to assess the SC and real estate development levels.
The criteria for the city benchmark include factors listed in SCI [25], CIMI [28], EU Taxon-
omy [67], and the studies of Sharifi [68] and Kaluarachchi [69]. The criteria for project levels
include a wide selection of indicators from SBISC [30,32], the SB evaluation system [70],
and comprehensive studies [71]. Additionally, indexes from other relevant frameworks,
online platforms, and other sources including EU Taxonomy [67] and SRI [15] were used
as well. The benchmarks function as criteria by which the chosen cities and real estate
development initiatives are assessed.

In addition, the research determines the designation of SC as the initial phase, followed
by identifying a smart project within the chosen city. The selection criteria at both levels
were devised to assess the present condition of prominent smart cities and real estate,
pinpoint areas requiring enhancement, and provide attainable objectives for cities and
projects in the current smart market. The real estate standards were chosen based on
six factors and ten key aspects for the selected smart cities. Nevertheless, executing the
methodological framework may raise challenges because of the wide range of categories
and indicators involved. Furthermore, the research emphasizes that there is room for
enhancement on both the urban and project levels, indicating that the framework may not
encompass all facets of intelligence and integration.

These frameworks provide distinct insights into the assessment of smart cities and the
development of real estate. The wide number of categories and indicators makes it difficult
to offer clear instructions on how to prioritize or provide varying weights to distinct signals
within a framework, which can make implementing this rule problematic. Moreover, the
analysis of real estate and smart cities does not particularly address the environmental and
sustainable effect elements. Nevertheless, more adjustments may be required to effectively
handle the current limits and restrictions.

Domingos et al. [29] presented a new assessment framework for SBs in the context of
smart city development. They emphasized the importance of adopting a unified approach
in both the design and evaluation of SBs within the broader smart city context. The
authors highlight the significance of incorporating several aspects, such as environmental
sustainability, building attributes, intelligence, computational management, and analytics,
in order to improve the efficiency and sustainability of SBs. This holistic approach ensures
that all aspects of SB functionality are considered and improved, leading to increased
efficiency and environmentally sustainable urban growth. The absence of standardization
poses a challenge when it comes to comparing different projects and drawing broad
conclusions across diverse urban contexts. Assessing the challenges of integrating SBs
into the broader smart city ecosystem is no easy task. Rodríguez et al. [72] highlighted
the importance of implementing methods and analysis tools such as GIS and AI that
can assist cities in achieving sustainable urban planning and contribute to the overall
resilience of urban environments, where the citizen can manage their growth, protect
natural resources, and improve the quality of life for their inhabitants. Nevertheless, they
stress the significance of considering various aspects of urban transformation in this process.
The complexity of capturing the dynamic interactions and rapid technological change
between SBs and various urban systems often poses challenges [73]. Due to the rapid pace
of change, assessment frameworks can quickly become outdated, resulting in evaluations
that may be inaccurate or irrelevant. Therefore, existing methodologies frequently face
challenges when it comes to evaluating the long-term intelligence and effectiveness of
buildings in ever-changing urban environments. This limitation is especially noticeable
when considering the requirement for longitudinal studies and lifecycle analyses. These
types of studies are resource-intensive and often go beyond the capabilities of many existing
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assessment frameworks. The current integration of smart initiatives within the sustainable
development, green, and resilience objectives of smart cities is not well-defined, and there
is a lack of a clear methodology available to assess the implementation of strategies [58].

2.3. Application of AI and Advanced Technologies for Smart Buildings and Smart Cities

Recent research has emphasized the crucial significance of AI applications in enhancing
operational efficiency and user satisfaction in SBs and SCs [44,74–77]. AI-based modeling
is essential for creating automated, intelligent systems that mimic human intelligence
processes using computer systems. This includes expert systems, NLP, speech recognition,
and machine vision. AI includes several qualities, such as analytical, functional, interactive,
visual, and textual, as outlined by Sarker [78]. Merabet et al. [79] provided an overview
of advanced AI tools used to improve thermal comfort in indoor environments. This
review focuses on the development of thermal comfort prediction models using various ML
algorithms and their integration into building control systems to improve energy efficiency.
Estebsari and Rajabi [80] presented the DL model to predict residential energy consumption
based on electrical loads. The shortage of applications for nonelectrical energy loads may
be due to the additional time and expense required to obtain thermal, lighting, and/or
natural gas data. Despite the current state of uncertainty and volatility, predicting energy
loads at a detailed level has become more challenging. However, when there are changes
in environmental factors such as temperature, humidity, emissions, water pollution, noise,
and other variables, SB systems can detect abnormalities and respond quickly [81]. The
safety of the occupants is a paramount concern when it comes to building operations. One
effective way to achieve this is by implementing visual systems and sensors. Research
on the effectiveness of AI in improving safety precautions in SBs has uncovered various
applications and benefits for fire detection systems [82], hazard detection [83], and the
recognition of perilous chemical pollutants [39].

Human–computer communication might be enhanced by using Natural Language
Processing, which is a subfield of artificial intelligence [84]. Natural language processing
algorithms are developed to teach computers how to understand and produce human
language [78,85]. New NLP applications have been created for emotional analysis, text
synthesis, information extraction, language translation, and answering questions, and have
attracted considerable interest [86]. According to Tyagi and Bhushan [87] and Kim et al. [88],
NLP demonstrates a significant breakthrough in enhancing human–building interactions
and optimizing building automation systems. Seamless and uninterrupted communication
between people and SB systems enables the creation of environments that are personalized
and flexible [89]. Natural language processing models enable user-friendly interfaces for
IoT applications in SBs and workplaces [90].

Natural language processing approaches are also crucial in SC administration for
enhancing communication between humans and machines by analyzing unstructured
textual data [91,92]. Scholars have used NLP to create algorithms for real-time event
detection, like accidents, natural disasters, and public gatherings. As an example, they
are used to analyze repetitive calls made to public safety agencies in order to identify the
primary factors contributing to these calls [93]. They aim to improve the coordination of
event detection systems with other city services to enhance governance effectiveness [94,95].
Existing project management models that forecast project performance and risks are based
on specific unchanging characteristics such as project type and bidders’ revenue. NLP
improves models by supplying them with in-depth information extracted from text data,
including project descriptions and feedback from stakeholders [85,96]. The B-SMART
model by Genkin and McArthur [89] demonstrates advanced AI approaches, namely in
the field of NLP, for interacting with several external entities within a building system.
This entails using NLP models to enhance communication between tenants and the SB.
Tenants can contact the building supervisor to discuss issues, link self-driving cars to
the building to monitor parking availability or charging stations, and engage with other
intelligent buildings via a connected smart grid. The primary benefit of this method is
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that NLP-based communication may be easily comprehended and reviewed by humans.
In the context of smart city ICT, NLP plays a significant role by being utilized in several
aspects of smart city design such as data gathering, user interface, and the functional layer,
as stated by Tyagi and Bhushan [87]. The progress made, along with continuous studies on
NLP and AI, could greatly enhance efficiency, sustainability, and general quality of life in
SCs globally. By integrating AI methods with NLP, computers can analyze, comprehend,
and deduce meaning from human speech or text, which can be beneficial for constructing
textual AI models.

The emergence of LLMs represents an enhanced extension of AI capabilities in
transformer-based models such as GPT-3 and GPT-4 [97], which are deep learning-based
NLP models that use extensive data to understand the structure, sentiment, and context of
a language. The output of this approach is of exceptional quality, reflecting the precision
and clarity of the instructions given. In recent years, cities have adopted the use of AI to
analyze and study various factors including air quality, traffic patterns, population trends,
weather conditions, and more [76,81,84,98]. In the field of deep learning, the feasibility of
an approach to incorporating LLM and AI-generated data into urban energy modeling
is intriguing and vital area of research [99]. The study conducted by Shoaib et al. [100]
highlights the considerable benefits of utilizing LLMs in intelligent transportation systems.
By employing social media sentiment analysis, this system can greatly improve various
aspects including traffic analysis, emergency response and disaster management, mul-
timodal transportation planning, and traffic forecasting. The LLMs demonstrated their
ability to evaluate historical traffic data, meteorological circumstances, and exceptional
events as well. Through the examination of data originating from a variety of sources, these
algorithms effectively regulated traffic in real time, and promptly produced emergency
alerts and warnings. As a consequence, they expeditiously provided the transportation
sector with up-to-date information.

Thus, LLMs have revolutionized NLP with their ability to generate human-like text
through extensive training on large datasets. It is becoming a crucial field of study in
artificial intelligence, and can transform the manner in which humans engage with and
comprehend language. These models, including OpenAI ChatGPT-3.5, GPT-4, and Google
Bard, have been employed by academics and in industry. Smart data analysis and inter-
pretation using sophisticated NLP improves decision-making and textual understanding;
the tool can facilitate the user’s extraction of valuable insights from research papers and
reports. This, in turn, can contribute to establishing a comprehensive knowledge base that
will ground an evaluation framework for SB integration into SC development.

3. Methodology
3.1. Theoretical Framework for Smart Building Integration into Smart City

This section outlines the methodology that employs advanced AI tools to evaluate
SB integration into a smart city. For the theoretical basis, the authors use the conceptual
framework produced in their prior research to explore the SB’s compatibility with the SC’s
performance [5], as presented in Figure 1.

The process of integrating SBs into smart cities involves the seamless integration of SBs
into the wider urban infrastructure and ecosystem. In a smart city, the digital infrastructure
provides considerable opportunities for improving the efficiency of municipal operations,
strengthening resilience capacity, and ensuring the sustainability of the environment. Thus,
three primary aspects have been selected to evaluate the performance of smart cities
(Table 1).

This framework’s strength lies in the complex interdependencies between SBs and
various smart city domains. Five SC domains were selected as interrelated between the SB
and SC: smart energy, smart mobility, smart water, smart waste management, and smart
security. The selection of domains was based on examining different current categories,
considering the significant interconnectedness and technical features between SBs and SCs.
The description of each domain is provided in Table 2.
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Table 1. Smart city performance evaluation aspects [5].

SC Performance Evaluation Aspects Description

Efficiency Refers to the digitalization of smart cities to optimize resources and processes, resulting
in more efficient operations; this then translates into affordability for end users.

Resilience Refers to implementing strategies to strengthen digital infrastructure durability, enhance
emergency response mechanisms, and foster community resilience.

Environmental sustainability Refers to the quality of life and efficiency of urban operations and services to ensure that
they meet environmental needs.

Table 2. Description of smart city infrastructure domains [5].

Smart City Domain Description

Smart energy

It encompasses a comprehensive set of services within smart buildings that play a pivotal role in
enhancing the overall energy performance of smart cities. It involves advanced technologies and strategies

aimed at optimizing energy usage across various sectors, from residential and commercial spaces to
transportation and lighting.

Smart mobility
A strategic approach within smart buildings and smart cities focuses on optimising transportation systems

for heightened efficiency, reduced congestion, mitigated environmental impact, and an elevated
quality of life.

Smart water
Encompass various set components of technologies and strategies designed to enhance the sustainability
and efficiency of water usage in smart buildings and contribute to overall water management performance

in smart cities.

Smart waste
management

An innovative approach utilizing technology to handle waste throughout its life cycle, encompassing
monitoring, collection, transportation, processing, recycling, and disposal to promote sustainable practices,

including recycling and closed-loop economies.

Smart security An integral system that leverages IoT technology enables real-time identification, tracking, and reporting
of security-related incidents, leading to improved safety measures and efficient emergency response.

A smart building is considered to be integrated into a smart city if it is connected
to SC infrastructure and shares resources, data and coordinates, and synchronizes the SB
operation with the entire SC performance. This integration enables the creation of smart
services and smart business models within the SC ecosystem (Figure 1).
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Different SBs might be integrated with different SC infrastructure domains. Therefore,
an SB’s integration into SC performance might be evaluated by using intelligent service
variables, which have been identified in the previous research study through an exami-
nation of the existing literature and case studies [5]. These 26 factors describe the smart
features of the SB, and are related to five SC infrastructure domains (Table 3). This approach
provides a more comprehensive insight into how various SB technological factors influence
the score of SB integration into SC, and enables an assessment of the impact of these factors
on the efficiency, resilience, and environmental sustainability of SC performance.

3.2. Methodology for Employment of ChatGPT-3 and Bard Models as Artificial Intelligence Experts

Although human evaluation is considered the gold standard, as addressed by [101],
Chen et al. [33] concluded that human assessment could be time-consuming, expensive,
scaled-out, inconsistent, and non-replicable.

ChatGPT-3 and Bard models are LLMs of sophisticated DL systems capable of execut-
ing a wide range of NLP tasks (Figure 2). LLMs utilize transformer models, which are DL
models that rely entirely on self-attention layers. These models are trained using extensive
text datasets. LLMs have the ability to mimic the human brain: to identify, convert, antic-
ipate, or produce written or other forms of information. To achieve this, they undergo a
two-step process: pretraining and fine-tuning. This enables them to perform tasks such
as classification, question answering, and text generation [101]. LLMs are used in various
NLP applications, including translation, chatbots, and AI assistants. There are three main
types of LLMs: generic or raw language models, dialogue-tuned language models, and
instruction-tuned language models [102]. In this research, the focus is on instruction-tuned
language models, which are trained to predict responses based on instructions given in the
input. This enables them to conduct sentiment analysis or produce text or code.
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The importance of LLMs in evaluating the factors of SBs’ significance in smart cities
lies in their architecture’s ability to understand text that resembles human language. The
growing use of LLMs in sentiment analysis (SA) has enabled them to efficiently assess
textual data and forecast sentiment ratings [104], including positive, negative, or neutral
feelings. SA encompasses a range of different methodologies, each characterized by a
unique approach and specific usage. A prominent form of SA is fine-grained SA, which
involves assigning sentiment scores on a scale ranging from 1 to 5 [105]; the implementation
of this type of SA necessitates the use of Large Language Models (LLMs) to engage with
the prompt in order to produce evaluation scores.
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Table 3. AI-based evaluation framework for smart building integration into smart city.
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Electrical Energy Storage (Battery) 2 2 1 25
Shared Electrical Energy Storage 2 2 1 25

Ability to Work Off-Grid (renewable energy sources: solar, wind) 1 2 1 20
Energy Usage Monitoring and Control, Demand-Side Management 2 1 2 25

Smart Heating, Cooling, and Hot Water Preparation 2 2 2 30
Thermal Energy Storage 2 2 1 25En
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Shared Thermal Energy Storage 2 2 2
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30
180 32.67%

Smart EV Charging 2 1 2 20
Carpooling/Ride Sharing 2 1 2 20

Smart Parking Management System (parking application, e-Parking) 2 1 1 16
Shared Parking Space 2 0 1 12

Online Video Surveillance 1 2 1 16M
ob

il
it

y

Last Mile Driving 2 0 1

4
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96 17.42%

Smart Water Mixtures 2 1 2 20
Smart Water Monitoring and Shut-Off (leak detection and prevention) 2 2 2 24

Smart Water Irrigation System 2 1 2 20
Smart Water Meter 2 1 2 20

Greywater Recycling 2 2 2 24
Rainwater Collection (harvesting) and Reuse 2 2 2

4
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Smart Fire Management 2 2 1 25
Disaster Event Communication Management 2 2 1 25

Smart Security Lights 1 2 1 20
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The method of training LLMs for SA consists of multiple distinct steps [106]: collecting
a significant quantity of textual data, and thereafter utilizing these data to train the model.
Data are gathered from several sources, including webpages, information, reports, and
publications [101]. According to [107], ChatGPT-3 was taught using a semi-supervised
technique known as Reinforcement Learning from Human Feedback (RLHF). The training
data comprised 300 billion tokens, sourced from several channels, including 60% from
websites, metadata and text extraction, 16% from books encompassing science and literature,
and 3% from Wikipedia. On the other hand, the Bard neural network is trained using a
comprehensive dataset named Infiniset [108], which encompasses an immense volume of
information. The model has undergone training using a vast amount of data, including
2.9 billion documents, 1.12 billion dialogues, and 13.39 billion data points. In order to
maintain its applicability, it consistently retrieves and incorporates data from the internet.
This encompasses a wide array of sources, including public forums, code documents
from programming-related websites, Wikipedia, English web pages, and non-English
web publications. During the pre-training process, both models are trained to predict the
following word based on the preceding words in a sentence, and so they have the capability
to learn facts, syntax, and some level of reasoning via an unsupervised learning process. In
addition, the models undergo fine-tuning on more specific datasets that include human
feedback. In this way, the models acquire the ability to understand and generate text by
virtue of their ability to predict the subsequent word in a phrase.

Once the model has completed its training, it can be further enhanced to better suit
certain applications, such as sentiment analysis. The model is trained on a more limited
dataset that is tailored to the precise job being addressed. This allows the model to
comprehend the distinct patterns and complexities linked to the assignment. The model
offers a sentiment score that aids in comprehending the overall sentiment of the text.
Consequently, the utilization of sentiment analysis by LLMs is facilitating a more precise
examination of public sentiment on a vast scale.

LLMs are trained on data that mirror the biases present in the real world, and as a result,
they may accidentally perpetuate these biases in their predictions. This is one of the biggest
limitations that are often considered. The concept of bias refers to the presence of systematic
misrepresentations, attribution errors, or factual distortions that can lead to favoring certain
groups or ideas, perpetuating stereotypes, or making incorrect assumptions based on the
learnt patterns [109]. There are several ways to address biases in LLMs, such as fine-tuning
them with fairness objectives, post hoc debiasing, and debiasing the training data by
removing or correcting biased data from the training set [110], which is implemented in
this research by training both AI models through five sessions with different time frames in
the context of responses generated. In addition to biases, the incorporation of AI into the
evaluation of city projects raises concerns about ethics, transparency, accountability, data
privacy, and misinformation. Planners increasingly depend on AI for decision-making,
raising concerns about the potential of these systems to reinforce bias, obscure decision-
making processes, and compromise privacy. These issues have the potential to erode
public trust and exclude marginalised communities [110,111]. Therefore, the inclusion of
human experts in AI model development and decision-making processes can offer crucial
contextual understanding and ethical judgement that AI models may lack. The participation
of humans in the quality control process can be very beneficial. They can detect biases,
errors, and unintended consequences in the output of the AI model. By providing valuable
feedback, humans contribute to enhancing the performance and fairness of the model.
Furthermore, incorporating stochastic models such as chance-constrained programming
(CCP), as described by [112], could address the uncertainties in the advanced AI models.

The evaluation framework methodology employs two widely known Large Language
Models, namely, Google’s Bard and OpenAI ChatGPT-3, as AI experts to assess the impact
of selected SB services on SC performance and the importance of their domain in SC. Bard
(Gemini), Google’s LLM, was created to enhance language understanding and improve
user interactions, while utilizing for the training process the vast language databases
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available to Google [113]. OpenAI ChatGPT-3, on the contrary, places a strong emphasis
on democratizing AI, particularly in the realm of generating written content. There are
several requirements taken into consideration when selecting between the two AI models,
which are: contextual comprehension requirements, integration standards, conversational
fluency, and the overall goals of the application or project [114,115]. The text evaluation
capabilities of LLMs have been greatly enhanced by recent advances in deep learning. The
potential use of the Google Bard and ChatGPT-3 models in sentiment analysis (SA) was also
demonstrated in recent studies [116,117]. The sentiment analysis approach, also known
as opinion mining, uses AI techniques to extract subjective viewpoints, sentiments, and
opinions from textual data [118].

The evaluation methodology utilizes the analytical capabilities of Google Bard and
OpenAI ChatGPT-3 models to ensure a comprehensive assessment of how SB services align
with SC’s performance goals. The provided prompts include the descriptions of SB factors,
definitions of SC performance elements, and SC infrastructure domains, as outlined in the
paper by Apanavičienė and Shahrabani [5]. They also include a proposed rating system
to identify the impacts of factors of SB services, and a suggested rating system for the
importance of the five primary SC domains.

During the performance assessment, each factor within the domain was assessed for
its influence on three aspects of SC performance: efficiency, resilience, and environmental
sustainability. The impact of each SB factor is assessed using a scale ranging from 0
to 2, where 0 denotes no impact, 1 denotes moderate impact, and 2 denotes significant
impact. Regarding the significance of SC infrastructure domains, each domain is allocated
a collective weight according to its importance using a 5-point Likert scale; range 1—not
important to 5—significant important. The weight represents the relative importance of
each domain in the context of the overall performance of smart cities, where a higher
weight signifies increased significance. The responses produced by OpenAI ChatGPT-3
and Google Bard represent the influence of each element, determined by a detailed prompt
that includes all required instructions. We repeatedly tested each model in five different
sessions, each consisting of five trials, with the same tasks to mitigate bias issues, and
then analyzed the responses by taking the mean value of these sessions for each model.
This analysis generated a distribution of possible impact scores, as well as the probability
of each score. This approach allows for a more detailed understanding of the model’s
predictions and the level of confidence in those predictions. We then summarized the
results by calculating the mean index for the two datasets generated in the previous step,
as shown in Table 3. Furthermore, to assess the reliability of the results presented in Table 3,
the research underwent two rounds of a validation process that involved expert judgments,
as described in Section 3.3.

3.2.1. OpenAI ChatGPT-3 Model Employment

ChatGPT-3 utilizes a transformer model, specifically the GPT (Generative Pre-trained
Transformer) architecture, which incorporates self-attention mechanisms to grasp the con-
text of sentences. This architecture enables the model to generate text that is cohesive and
contextually appropriate. The OpenAI Text-Davinci-003 AI model is accessible through the
Chat Generative Pre-Train Transformation (ChatGPT) API, which also enables effective SA
performance. The training method of the Text-Davinci-003 model involves several stages,
one of which is pre-training on a vast corpus of text data obtained from the internet. The
objective of this phase of unsupervised learning is to teach the model to comprehend the
complexities and patterns of human language by predicting the subsequent word in a
phrase. Training data consisted of diverse sources, such as books, articles and websites,
enabling a thorough understanding of many themes and writing styles. After under-
going pre-training, the model is further enhanced through fine-tuning on more specific
datasets. This phase involves supervised learning when the model is trained to follow
particular instructions and generate text that matches the required output. Fine-tuning
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the model can improve its performance on certain tasks, ensuring that it adheres to user
instructions [104,107].

SA in Python ChatGPT APIs is carried out by the ChatGPT-3 API via a series of phases.
Initially, an API key must be obtained from the OpenAI website. Because it establishes use
limitations and grants access to OpenAI users’ accounts, this key is regarded as private.
Installing the OpenAI Python module after that will provide an easy-to-use interface to
communicate with the OpenAI API. Lastly, SA is operated using the Text-Davinci-003
paradigm of the ChatGPT-3 API, and prompts are provided via libraries. In this phase, the
API response generation is determined by several parameters, as follows:

1. Engine—This parameter determines the language model to be utilized. The Text-
Davinci-003 model has been employed for this purpose. This model is developed by
OpenAI and is categorized as a language model belonging to the GPT-3 (Generative
Pre-Trained Transformer 3) model family, and is considered a robust and adaptable
model. The model was created to generate text that mimics human language, us-
ing given prompts (Supplementary Materials) and demonstrating the capacity to
understand and respond to natural language queries;

2. Temperature—This option governs the level of ingenuity in the response when it is set
to 0, indicating that the model will consistently produce the most probable answer;

3. Max_tokens—The operational methodology for the Text-Davinci-003 model involves
providing a prompt or direction to the model, which then generates a textual output
in response. The maximum response length parameter allows the model to accurately
evaluate and understand complex language structures. The model’s context window
can include up to 4097 tokens, allowing it to process more data and generate more
comprehensive responses. Nevertheless, this size is sufficient to encompass all the
responses about the chosen components of SB services and their primary domain,
which is the SC infrastructure domain.

Upon submitting the request to the ChatGPT-3 API and receiving a response according
to the prompt instructions, the model produces the output outcomes in CSV format, which
is kept on the PC hard disc for subsequent analysis and computation, as depicted in
Figure 3.
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3.2.2. Google Bard Model Employment

Google Bard (lately renamed Gemini) is an LLM that was recently introduced in
response to the growing rivalry in the field of AI; it is built on Google’s conversational AI
framework LaMDA (Language Model for Dialogue Applications). LaMDA places signifi-
cant value on conversation, and aims to deliver responses that are engaging, informative
and relevant. Thus, it simulates an authentic dialogue with a human user. It employs NLP
and ML algorithms to deliver precise and useful responses to diverse queries. A Python
module called Bard-API provides an easy-to-use interface for working with Google Bard.
This module improves existing applications and workflows by smoothly integrating Google
Bard into Python settings, which provides data scientists and developers with considerable
benefits. The Bard-API streamlines duties such as answering questions. The responses



Sustainability 2024, 16, 8032 15 of 35

to all queries sent to Google Bard using the Bard-API are provided in natural language
as follows:

1. Configuring the Bard API. The Python package offers an API connection interface
to Google Bard, enabling Python scripts to retrieve responses from Bard and pose
questions to the Google Bard Chatbot;

2. Configuring the prompt and API key. An accurate prompt (Supplementary Materials)
has been established, encompassing numerous lines that explicitly outline the task
for the Bard API. Because of the dataset type that the two models are trained on,
the same information is used in the ChatGPT-3 prompt but in a different structure
and with more details. Therefore, the prompt provides comprehensive information
and instructions for obtaining responses. It includes definitions and objectives of SC
performance, as outlined in Table 1. Additionally, it explains each of the SC infrastruc-
ture domains, which is crucial for assessing the relative significance of the primary
domain using a Likert scale. This context offers a comprehensive explanation for each
domain, including keywords associated with smart cities. These keywords include
smart grids and energy efficiency for the energy domain, smart traffic management
and sustainable transportation for mobility, efficient water distribution networks and
water conservation measures for the smart water domain, waste reduction and recy-
cling initiatives, cyber security measures, public safety initiatives, and surveillance
systems for waste and security systems, respectively. Furthermore, each domain
explanation includes a comprehensive list of factors associated with each component,
as reported in the prior study [5]. Subsequently, a concise directive is presented at the
end of the prompt to elicit a direct response without more elaboration, while ensuring
that all weight values are maintained as whole numbers;

3. Function for making an API call and extracting data. During this phase, the script
utilizes the Bard to initiate an API request, passing the specified API key and the
prompt as parameters. This is done to facilitate the transmission and reception of a
response. The Bard-API will analyze the given prompt and provide a written response.
It is essential to establish a valid session every time the model is executed to safeguard
sensitive data and guarantee that only authorized users can engage with the system,
as depicted in Figure 4.
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3.3. Framework Validation

A Delphi method was selected to carry out the validation of the proposed framework;
it is a systematic and repetitive process that has the capacity to achieve collective agreement
and collect points of view from human experts on a complex subject [119]. This technique
describes the procedure for conducting a Delphi survey that specifically examines the
integration of SB into the SC evaluation framework. The Delphi process consists of sev-
eral rounds, and aims to validate the proposed evaluated framework using AI tools for
integrating SBs into SC by reaching a consensus among human experts.

An expert panel is chosen based on their expertise and experience in the areas of SBs,
smart cities, urban planning, and related disciplines. The selection criteria encompass
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academic credentials and scientific research in relevant domains, expertise in the imple-
mentation of smart city initiatives and/or SBs, and contribution to the pertinent literature
and industry standards.

The Delphi survey was carried out using an online questionnaire utilizing Google
Forms to guarantee participant confidentiality and facilitate accessibility. The process
involves the completion of two sets of questions. Round 1: Preliminary examination of
the assessment framework. Round 2: A process of reevaluating or confirming the first
responses in order to reach the defined level of the agreement. The Round 1 questionnaire
included the gathering of qualitative data, including comments regarding any uncertainties,
the scope of coverage, constraints, and potential areas for framework improvement. The
evaluation of the AI-based framework assessment involved quantitative data. The experts
were asked to indicate their level of agreement, partial agreement, or disagreement with
the impact and importance of the criteria. Experts assessed the importance of the primary
domain and evaluated the impact of each element. The factors and domains that failed to
achieve the defined consensus level necessitated further validation. Round 2 comprised
the following: providing feedback from the first round and the evaluation of criteria that
did not achieve the designated consensus in Round 1.

The Delphi method offers a systematic approach to obtaining expert consensus on the
evaluation framework for the integration of SBs into a smart city. The iterative method
guarantees that a wide range of expert viewpoints are considered, resulting in a strong and
validated framework.

4. Results and Discussion
4.1. Development of AI-Based Evaluation Framework for Smart Building Integration into a
Smart City
4.1.1. Employment of ChatGPT and Bard Models as Artificial Intelligence Experts

This section presents the evaluation framework, including the performance metrics
and insights obtained from the selected AI models. The assessment of SB service features
and infrastructure domains’ impact on SC performance involves a systematic and multi-
faceted method that leverages the capabilities of OpenAI ChatGPT-3 and Google Bard.

ChatGPT-3 consistently assigned a score of 2 for both efficiency and resilience for
all factors of SC infrastructure. Nevertheless, the score for environmental sustainability
fluctuated among these SC domains. In contrast, Google Bard demonstrated a wider range
of scores in all three SC performance areas, with specific factors obtaining lower ratings
in resilience and environmental sustainability. This could be related to Google Bard being
trained with a dataset containing real-time authentic information and accessing up-to-
date information through Google search [45,120], while ChatGPT-3 demonstrates superior
creativity and outperforms all other LLMs due to its ongoing model refinement processes
performed through human feedback. Nevertheless, the disparities between both models
do not clearly indicate the substantial advantage of one model over the other. Both AI
models were executed five times with varying time frames to address the issues of biases.
Nonetheless, LLMs are difficult and demanding, as the language’s inherent character as
well as extrinsic biases significantly influence the creation and development of such models,
as discussed by [62,104]. Biases can originate from diverse sources, including the training
data, the fine-tuning procedure, or even the human reviewers themselves. Nevertheless, the
integration of ML methodologies with human experience presents a potentially effective
approach to tackling the challenges arising from biases in generative language models [62].

Both AI models can efficiently handle and examine substantial amounts of data derived
from diverse origins. The datasets comprise academic literature, books, industry papers,
reports, real-world experiences, and case studies; thus the selected LLMs successfully
employed these data to comprehend the influence of many aspects on the performance
of smart cities. The combination of the two models is conducted by aggregating the
values obtained and rounding them to an integer number so as to eliminate digitals and
then calculate the factors impacting the SC performance and their infrastructure domain
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importance. The combined evaluation framework for SB integration into SC developed
by applying OpenAI ChatGPT-3 and Google Bard models as AI experts is presented in
columns 3–6 of Table 3.

4.1.2. AI-Based Framework Validation

The study used an online two-round Delphi technique to validate and enhance the
framework for evaluating SB integration into a smart city. The Delphi approach was
selected due to its efficacy in collecting expert viewpoints and achieving consensus on
complex topics. Prior to conducting the survey, the Research Ethics Commission of Kaunas
University of Technology granted approval No. M6-2023-20 for the project, thus ensuring
rigorous quality control and the protection of data privacy.

The Delphi survey using Google Forms involved 14 subject matter experts initially, and
13 in the second round. Such a scenario is commonly encountered in multi-round Delphi
investigations [121,122]. Participants were selected on their professional backgrounds, guar-
anteeing a minimum of five years of relevant experience. The Round 1 questionnaire design
consisted of three primary elements. The introductory section included an overview of the
framework, elucidating the different elements, and impact evaluations on the efficiency
of smart cities enabled by AI generative models like ChatGPT-3 and Google Bard. The
evaluations were categorized into five distinct subsections: energy, mobility, water, waste
management, and security, which were included in the second portion. Experts were asked
to indicate their agreement, partial agreement, or disagreement with smart city factors that
impact the performance and their significance within each domain. Additionally, they were
asked to suggest additional factors that might be crucial in their opinion for the assessment.

Experts were asked to validate specific factor scores. When there were differences of
opinion (partial agreement or disagreement) regarding AI-generated ratings, experts were
asked to offer additional evaluations using a three-point scale: 0 (no impact), 1 (moderate
impact), and 2 (significant impact). A Likert scale of 5 points (1—less important to 5—very
important) was used to assess the significance of each smart city domain. The survey also
included open-ended enquiries to explore the clarity, comprehensiveness, constraints, and
potential improvements of the framework.

The results from Round 1 were condensed and communicated to the specialists in
the second round, with the aim of an 80% agreement consensus. During the first round,
a consensus of 80% was achieved for 17 of the 26 attributes that were initially analyzed
(Figure 5). However, a comprehensive agreement was not reached for three of the five
categories (Figure 5). Factors and domains that did not meet the required standard were
designated for further evaluation in Round 2.

In the second round, the participants were given a summary of the results from Round
1, together with the mean values of each factor’s importance score as derived from the
experts’ evaluations, and were asked to reconsider the criteria scores that did not attain
consensus or align with the initial evaluations in Round 1. The experts also received
individualized feedback on their prior responses to ensure or suggest new evaluation
scores that would enable the achievement of a targeted consensus level. After Round 2
(Figures 6 and 7), an 80% consensus level for the remaining nine variables, along with their
respective importance domains, was achieved, demonstrating a high level of agreement
among experts regarding the evaluation framework.

The Delphi technique successfully enhanced the AI-generated evaluation framework
by utilizing iterative expert consensus. Utilizing anonymous feedback and including
a two-round procedure enabled experts to enhance their assessments by incorporating
collective insights. Controlled feedback methods, such as condensed outcomes, enabled
well-informed reassessments. Nevertheless, there are still obstacles that need to be ad-
dressed. Withdrawals of participants can have an impact on the robustness of consensus.
Subjective evaluations, particularly when it comes to measuring the effect, can create
fluctuations. The study faced challenges in reaching an agreement on security variables,
emphasizing the necessity of additional research. In summary, the Delphi technique was
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successfully applied to validate the AI-based framework, showcasing its capacity to boost
AI evaluations by including human expert input.
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4.1.3. AI-Based Evaluation Framework for Smart Building Integration into Smart City

The AI-based evaluation framework for smart building integration into smart cities,
validated by human experts, is presented in Table 3. To determine the overall SB integration
into SC score (column 7 of Table 3), it is necessary to consider the contribution of each
element, depending on its allocated weight, by considering one step in reverse. The factor
score is obtained using a mathematical equation by summing the impacts on efficiency,
resilience, and environmental sustainability, and multiplying the result by the group weight
score, as stated in Equation (1).

fi =
k

∑
i=1

Wiyi, Wi = [0, 1, 2] (1)
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where f —factor score, Wi—smart city performance impacts, Yi—smart city infrastructure
domain importance, and i—smart city performance aspect.
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This calculation yields a composite score, or factor score, that considers the significance
or contribution of each component based on its designated weight. The procedure is iterated
for each factor to determine its distinct factor score. The factor scores are used to obtain the
overall score of SB integration into SC. The 551-point score represents the cumulative points
that should be gathered to achieve complete SB integration into an ideal SC. In addition,
the totals for each column are calculated to provide a detailed analysis of the efficiency,
resilience, and environmental sustainability aspects, respectively.

The cumulative points gathered are contrasted with the ideal integration score for
an exemplary SB and SC to determine the degree of integration achieved. Therefore, the
evaluation findings are evaluated to understand the strengths and shortcomings of the
integration of SB services into SC performance.

The framework depicted in Table 3 enables the overall assessment of the integration of
SB services into the infrastructure of SC, as well as quantifying the relevance of an ideal
SB’s impact on the ideal SC infrastructure domain as a percentage, indicating the highest
potential influence on the relative infrastructure domain within the SC framework. These
percentages are essential as they provide guidance for decision-making, the allocation
of resources, and the identification of the future SB development areas that need further
attention or investment related to integration into the ecosystem of a specific SC.

SB services related to the SC energy infrastructure domain are of the highest im-
portance within the framework, since achieving the maximum impact of 32.67% is vital
(Table 3). This highlights the necessity of optimizing energy use and incorporating sus-
tainable energy sources into an SB, which are crucial for decreasing carbon emissions and
guaranteeing a long-lasting energy provision for the city.

Although it only accounts for 17.42% of the overall factors, SB services related to
the mobility domain play a crucial role in mitigating SC traffic congestion, promoting air
quality, and improving the city’s accessibility by lowering commute time. Notably, smart
parking management, along with carpooling and ride-sharing services, are two factors that
contribute to this area.

The second most prioritized domain is smart water management services, with an
impact of 23.96% on SB integration into SC. Optimizing and preserving water utilization
is vital in urban areas, particularly in light of the growing shortage of water resources.
The implementation of smart water management practices can result in considerable cost
savings and benefits for environmental sustainability, as well as a decrease in water wastage.
The significance of smart waste management services is also emphasized. Nevertheless,
they only represent a 5.99% impact on the total integration into SC. This highlights the goal
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of inventive approaches to handle and diminish waste effectively. Efficient waste manage-
ment is essential for preserving public health, minimizing environmental consequences,
and fostering recycling and circular economy initiatives. Moreover, the 19.96% impact
of SB services related to the security domain is crucial for guaranteeing the safety and
welfare of SC citizens. This includes implementing smart surveillance, fire management,
and catastrophe communication, which are vital for creating a resilient urban environment.
Thus, the diverse importance of various sectors exemplifies the complex character of smart
cities, in which distinct facets contribute to the overall efficacy and prosperity of the urban
environment. Therefore, significance percentages serve as a directive to stakeholders to
determine the areas in which to concentrate their efforts and expenditures so as to attain
the most substantial influence.

4.2. Application of AI-Based Evaluation Framework for Smart Building Integration into Smart
City: Case Studies

To illustrate the application of the AI-based evaluation framework for SB integration
into Smart City, five sophisticated SB projects were selected as case studies in various
geographical locations, and effectively integrated into smart cities: The Edge in Amsterdam,
One Angel Square in Manchester, National University of Singapore (NUS) in Singapore,
Ongos Valley in Namibia, and Reliance Modern Economic Township (MET) City in India.
Criteria were set to ensure that the selected SBs met a variety of smart city goals and
development patterns.

The five case studies were chosen to show a range of SB integration initiatives in
smart city settings under various development scenarios, urban densities, project scales,
and geographic locations. Two prime examples of cutting-edge smart office buildings in
densely populated European cities are The Edge in Amsterdam and One Angel Square in
Manchester. An example of a smart campus integrated into an urban economic center is
the NUS. In a fast-urbanizing African metropolis, Ongos Valley (Windhoek) is an example
of a sizable mixed-use development. In conclusion, Reliance MET City (Gurgaon) presents
an example of an Indian smart township with an industrial and logistics infrastructure.
Because of the variety of situations, the framework’s applicability can be thoroughly
assessed across a broad spectrum of smart city typologies and development scenarios.

The data for these case studies were collected from many sources. Most projects
underwent evaluation by either BREEAM or LEED. Furthermore, prior research has ex-
plored these examples to gather primary information on the integration elements identified
through literature analyses [5]. The application example of an AI-based evaluation frame-
work for SB Integration into a Smart City is displayed in Table 4, illustrating the case of The
Edge smart office building located in Amsterdam. Amsterdam is among the first European
cities to adopt the SC concept [123]. The primary objective of The Edge in Amsterdam, the
Netherlands, is to function as an example for environmentally friendly and technologically
advanced office structures. The Edge, created for Deloitte, was specifically designed to
foster collaboration among its employees, while also highlighting the significance of envi-
ronmental sustainability and intelligent technology in contemporary workspaces, and it
has achieved the highest BREEAM score of 98.36%. Additionally, this office space is highly
interconnected and technologically advanced, allowing employees to customize their work-
ing area via a smart services application [124,125]. The building integrates state-of-the-art
elements, and is intended to become a pioneering SB that prioritizes environmental sus-
tainability. It empowers staff to regulate lighting and heating, promoting energy efficiency
and environmental stewardship.

The Edge of Amsterdam is distinguished as a prime example of SB integration into
SC, achieving a total integration score of 86.75% in SC performance, as seen in Table 4. This
demonstrates how intelligent technologies could be used to improve building efficiency
and contribute to the wider development of an SC. This is achieved thanks to smart services
such as the monitoring and control of energy use, smart management of heating, cooling,
and hot water preparation, integrated sensor solutions, and smart EV charging stations. In



Sustainability 2024, 16, 8032 21 of 35

the resilience of a smart city, the impact of the building is demonstrated by its impressive
score of 85.00%, which relates to its robust capability to maintain essential tasks and recover
quickly from any disturbances. This is facilitated by services that allow energy storage,
smart water monitoring and shutdown, intelligent fire management and communication
management during disasters and emergencies, and building operations during disrup-
tions that allow proactive maintenance. The building also has an impressive environmental
sustainability rating of 87.18%, and its impact on SC sustainability is remarkable. This
score indicates a firm commitment to environmental management by implementing sus-
tainable measures. This can be seen in the integration of sustainable energy sources, with
65,000 square feet of solar panels on the roof and wall surface, greywater recycling and
rainwater reuse, all of which help to reduce the sustainable footprint.

The Edge, Amsterdam, stands out with high integration scores compared to the
ideal integration model, as illustrated in Figure 8. The analysis shows that The Edge in
Amsterdam achieves exceptional performance in the areas of mobility, water, and security,
achieving optimal integration ratings in these categories. However, it lacks the highest
energy scores and, in particular, waste management, highlighting particular aspects that
require further attention and advancement to achieve improvements. These entireties are
marked as “N/A” (not applicable) in Table 4. However, according to the study findings,
the performance of The Edge is consistent with the SC of Amsterdam, and emphasizes
the importance of integration in achieving sustainable urban growth. Consequently, The
Edge’s success in effectively integrating smart services can serve as an exemplary model
for other SBs and cities.

Manchester SC programs aim to use technology to tackle urban problems, improve
infrastructure development, and improve the quality of life and adaptability of the urban
environment [126]. One Angel Square, a skyscraper located in Manchester, United King-
dom, exemplifies how artificial intelligence and the Internet of Things help the creation
of efficient and ecologically sustainable buildings [127]. The building was awarded an
outstanding BREEAM rating and integrates many environmental sustainability elements,
including rainwater collection, low-energy lighting, and natural ventilation. Building
management solutions powered by artificial intelligence have led to outstanding energy
efficiency. The functionality of the building aligns with Manchester’s SC goals, prioritizing
energy efficiency, cutting-edge technology, and environmental sustainability.

One Angel Square exemplifies the capacity of SB to bring about significant change.
It showcases that the impact of One Angel Square’s integration into Manchester’s SC is
55.54%, as demonstrated in Table 5. The most notable gaps are in energy, water, and
waste management domains, as presented in Figure 8; thus, significant improvements
should be made to reach higher integration scores. Mobility and security domain scores
are closer to the ideal, but nonetheless still require additional developments to properly
utilize the benefits of SB technology. Rectifying these imbalances will enhance One Angel
Square’s performance and contribute to the overarching smart city goals of environmental
sustainability, efficiency, and resilience.

Nevertheless, some areas require development to completely achieve the smart city’s
goals. The building features, including energy storage, smart EV charging, and energy
usage monitoring, contribute to the efficient use of resources. This is reflected in the
55.32% score (Table 6), which suggests that the building is more than halfway towards
achieving the ideal integration impact on the efficiency standard set. The resilience score
also stands at 55.00%, indicating that the building has a moderate level of preparedness for
dealing with emergencies or disruptions. Features like smart fire management and disaster
event communication management contribute to SC resilience. With a score of 56.41%, the
building shows a slightly higher contribution to SC’s environmental sustainability. This is
due to features like the ability to work off-grid with renewable energy sources, rainwater
collection and reuse, and smart water metering, which help reduce the environmental
impact and promote sustainable practices. Condensed results on SB integration into SC
evaluation for all case studies are displayed in Table 5, Table 6, and Figure 8.
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Table 4. Smart building integration into smart city: The Edge, Amsterdam.

Smart Building Services Factors
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Table 4. Cont.
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Table 5. Smart building integration into smart city: summarized evaluation results of case studies.
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Table 6. SB integration into SC: SB capacities related to the main SC performance aspects.

SB Integration
Score Related to

the Main SC
Performance

Aspects

The Edge,
Amsterdam,

The Netherlands

One Angel Square,
Manchester,

United Kingdom

National
University of

Singapore,
Singapore

Ongos Valley
Windhoek,
Namibia

Reliance MET
City, Gurgaon,

India

Efficiency 87.23% 55.32% 61.70% 76.60% 68.09%
Resilience 85.00% 55.00% 67.50% 80.00% 67.50%

Environmental
Sustainability 87.18% 56.41% 66.67% 74.36% 71.79%

Singapore, located in Asia, distinguishes itself by its extensive smart water man-
agement programs, which prioritize the significance of effective water utilization in an
environment facing water scarcity. Conversely, Singapore’s SC initiative seeks to revolu-
tionize the city-state using technology, with a specific emphasis on enhancing the quality of
life, developing cutting-edge infrastructure, ensuring fast connection, and demonstrating
a strong dedication to sustainability and creativity [49,128]. The National University of
Singapore embraces this ambition by incorporating intelligent technologies to better its
campus and operations [129]. The total integration score is 63.34%, indicating a significant
dedication to intelligent integration. The institution contributed significantly to 61.70% of
the efficiency score (Table 6). This indicates that the SB services implemented at the NUS
are effectively contributing to the efficient use of resources. This includes energy storage,
smart heating, cooling, hot water preparation, and smart EV charging, all of which support
campus efficiency. NUS also demonstrates a strong capacity to maintain critical operations
and recover quickly from any breakdowns, achieving a 67.50% integration performance for
resilience. This is supported by smart water monitoring and shut-off services to prevent
leaks, and smart fire management to enhance buildings’ safety and resilience. This enables
the city to plan and respond effectively to security incidents, including implementation
procedures to reduce and minimize the impact of such incidents. The university reflects a
commitment to environmental stewardship and sustainable practices. This is evident in its
implementing of renewable energy sources, smart water metering, and rainwater recycling,
which all contribute to the campus’ impact on the SC environmental sustainability score
of 66.67%. NUS has made significant strides in integrating SB services, particularly in
waste management, where it shows the ideal score, as illustrated in Figure 8. However,
there are notable gaps in energy, mobility, water, and security domains. To reach the ideal
integration levels, NUS could focus on adopting more comprehensive and advanced smart
technologies and practices in these areas. Enhancing these domains would improve the
performance and sustainability of NUS and contribute to its overall smart city objectives.

Windhoek, the capital city of Namibia, is formulating an SC concept that encompasses
sustainability, enhanced resource management, and an elevated standard of living for
its inhabitants. Ongos Valley is a project that seeks to support this goal by integrating
intelligent technology into its infrastructure while prioritizing security. It adds to SC
performance, notably city resilience [130,131]. The Ongos Valley has achieved a 77.60%
integration score for efficiency, as shown in Table 6. This suggests that the SB services
implemented effectively contribute to efficiently using resources, including energy storage,
smart heating, cooling, hot water preparation, smart parking management, and smart
EV charging. It also exhibits a robust ability to sustain essential activities and promptly
bounce back from any disturbances, as seen by its resilience integration score of 80.00%.
This is facilitated by smart water monitoring and shut-off services, smart fire management,
and communication management during disaster events. In addition, the building’s
score of 74.36% in environmental sustainability integration shows a strong commitment
to environmental protection and the implementation of sustainable practices. Adaptive
sustainable energy sources, smart water metering, rainwater reuse, and the implementation
of advanced waste management technologies such as smart bins and automated waste
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collection have contributed to reducing the impact on the environment. In conclusion, the
Ongos Valley development achieved a 77.13% overall integration score, and demonstrated
an exceptional score in integrating smart waste management and security services (Figure 8).
Nevertheless, a significant disparity exists in energy, mobility, and water management. To
achieve optimal levels of integration, Ongos Valley should prioritize the implementation of
more extensive and sophisticated smart technologies and practices in these specific domains.
By enhancing these domains, the impacts on SC performance efficiency and environmental
sustainability of Ongos Valley would be improved and contribute to the wider objectives of
establishing an environmentally sustainable and resilient urban environment in Windhoek.

Reliance MET City, also known as Model Economic Township, is a fully integrated
industrial township in India. MET City is designed to be a self-sustained and eco-friendly
township focusing on clean energy and waste management [132]. It includes industry
clusters with support infrastructure of a logistics hub, rail and road connectivity, and
social infrastructure including residential, commercial, recreational, and institutional de-
velopment. The integration level is a measure of how well the various smart services are
combined to function as a cohesive system [133]. According to Table 6, Reliance MET City
has attained a commendable integration score of 68.09% for its integration impact on the
SC’s operational efficiency. This indicates that the established SB services successfully
contribute to the efficient utilization of resources, including the monitoring and control of
energy use, the intelligent regulation of heating, cooling, and hot water preparation, and in-
telligent electric vehicle charging. The impact on the city’s resilience is reflected by a robust
integration score of 67.50%, indicating its ability to effectively sustain essential functions
and promptly bounce back from disturbances. This is facilitated by smart water monitoring
and shut-off services, smart fire management, smart security lights, and an integrated
sensor solution. The impact on the SC environmental sustainability performance is shown
by MET City’s impressive integration score of 71.79%, indicating a strong dedication to
environmental care and sustainable practices. This is seen in the use of sustainable energy
sources, smart water metering, greywater recycling, and supporting waste management
services, all of which help mitigate the city’s environmental sustainability. The results in
Table 6 indicate that MET City, with a total integration of 67.15%, is making significant
progress towards SC integration. Figure 8 indicates that it has most effectively integrated
into waste management infrastructure, where it matches the ideal SB model score. However,
there are notable gaps in the energy, mobility, water, and security domains. Reliance MET
City could focus on adopting more comprehensive and advanced smart technologies and
practices in these areas.

Summarizing the SB integration in SC evaluation results for the selected case studies,
we can state that The Edge in Amsterdam distinguishes itself with outstanding integration
scores, notably in the areas of energy, water, and security, closely aligning with or attaining
the ideal scenario. These results complement the previous research by Apanaviciene
et al. [30,32] and Al-Rimowicz and Nadler [31], placing the case of SB Edge in the SC of
Amsterdam into the leading position over the other selected case studies. Ongos Valley
demonstrates exceptional performance, particularly in the domains of waste management
and security. NUS, One Angel Square, and Reliance MET City exhibit notable levels of
integration, although they still have differing degrees of deficiencies compared to the ideal
model. These gaps highlight the potential benefits of further integrating smart services.
The performance of each case study is a direct reflection of how well it aligns with the aims
of a smart city and its ability to utilize smart technology to improve urban infrastructure
and services.

However, the evaluation results also highlight areas that need further development.
For instance, there are opportunities for more integration in areas such as mobility and
waste management. Moreover, certain SBs require improvements in specific domains
such as energy and water management in order to fully achieve their SC goals. These
findings suggest that more research and development should be conducted in the field of
AI-powered evaluation tools for the integration of SBs. The focus of this study should be
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on areas that require improvement. Additional empirical research demonstrating practical
applications of sophisticated artificial intelligence technologies in assessing the integration
of SBs would be advantageous. Obtaining further information on their efficacy and obsta-
cles will enhance understanding and aid in the formulation of plans for the development
of a supply chain and sustainable business integration.

4.3. Practical Implications of the Research Findings for Smart Building Integration into a
Smart City

Consistent with our study’s goals of designing and validating a thorough evaluation
framework, the results of this study offer significant insights into the integration of SBs
into the SCs research field. With energy-related aspects exhibiting the biggest overall
impact (32.67%), followed by water management (23.96%) and security (19.96%), our
results emphasize the diverse implications of SB services across many SC infrastructure
categories. These findings are in line with earlier research, including those of Al-Rimowicz
and Nadler [31] and Apanavičienė et al. [32], which have underlined the vital role of energy
management in smart city development. However, our study extends beyond addressing
the role of ICT and digitalization development in SB’s integration into SC [30] by offering a
more detailed examination of particular SB services and how they affect SC performance.
The AI-based evaluation framework offers a more integrated and adaptable approach to
assess the performance of SB within SC compared with other methodologies’ frameworks,
which rely on standardized metrics and indicators to assess the SB performance. While
these frameworks provide a structured approach, they may lack the flexibility to account for
unique urban contexts, rapid technological changes, and challenges in data management.

From 55.54% (One Angel Square) to 86.75% (The Edge, Amsterdam), the case studies
study found notable differences in integration scores. These variations highlight the
complexity of SB integration and fit Domingos et al.’s [29] claim that a consistent approach
to both the design and evaluation of SBs inside the larger smart city environment is very
essential. Our paradigm offers a consistent approach for evaluating integration across
several domains, therefore meeting this demand.

The ramifications for practice and policy are significant. This paradigm helps urban
designers and legislators prioritize expenditures on certain SB technologies with the best
influence on general SC performance. For example, the great influence of energy-related
elements implies that laws supporting the acceptance of smart energy management systems
in buildings might greatly improve city-wide sustainability and efficiency. Moreover, the
framework’s capacity to spot areas of integration, as shown in the case studies, helps
direct focused enhancements in particular fields. This corresponds with the suggestions of
Rodríguez et al. [72] for using techniques and analysis tools supporting sustainable urban
planning and general urban resilience.

Our results provide a road map for practitioners, especially building developers
and operators, who seek to maximize interaction with SC infrastructure. The thorough
analysis of impacts across efficiency, resilience, and environmental sustainability provides
a complex outline of how various SB services support general SC performance, thereby
guiding better-educated building design and operation.

Finally, this investigation not only presents an evaluation system that can serve as a
decision-making tool to improve SB incorporation into SCs. To successfully accomplish
long-term smart city objectives, stakeholders may analyze progress, identify performance
gaps, and adjust strategies as necessary, with the help of the framework, which also offers a
useful tool for the continual monitoring and benchmarking of smart city efforts. Future
research should concentrate on longitudinal studies to evaluate the long-term effects of
SB integration and investigate the possibilities of developing technologies to optimize
this integration; for instance, this can be achieved by integrating the stochastic resource
allocation approach [134] with an AI-based evaluation model.
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5. Conclusions

The paper presents a comprehensive evaluation framework to assess the impacts of SB
services on SC performance that employs the functionalities of advanced AI tools, namely,
the LLMS models of Google’s Bard and OpenAI’s ChatGPT-3.

The literature analysis reveals that the existing frameworks provide useful insights;
however, their complexity, involving numerous categories and indicators, poses challenges
for implementation. Furthermore, they have not been adequately improved to assess
emerging technologies and dynamic aspects that might significantly impact the integration
of SBs over time. The authors of these frameworks also highlight the need for more research
and growth in this field.

The recent literature on advanced AI applications, particularly ML and NLP, demon-
strates their ability to improve the operational performance of both SBs and smart cities, to
increase users’ satisfaction and safety by optimizing energy consumption, enhance human–
building interactions, and facilitate intelligent decision-making. This enables smooth
communication between humans and machines, which is an important factor in managing
SB services and smart city infrastructure. Recently developed Large Language Models like
ChatGPT-3 and Bard expand the capabilities of artificial intelligence by producing language
that resembles human writing and processing vast amounts of data, which is crucial for
urban planning and emergency response systems. LLMs like Google Bard and ChatGPT-3
have proven their capacity for Sentiment Analysis by identifying patterns and trends that
traditional methods may not have.

The AI-based methodology used for the evaluation of SB integration into SCs provided
significant findings relevant to the assessment and further improvement of the performance
of SCs. The proposed approach developed by the authors includes, first, an evaluation of the
impacts of 26 factors related to SB services on the efficiency, resilience, and environmental
sustainability of SC performance, and second, an assessment of the importance of all five
infrastructure domains of SC. This process was conducted by utilizing advanced LLMs as
AI experts, validated by human experts through two rounds of the Delphi technique. This
allows for a more comprehensive assessment of factors contributing to the integration of
SB into SC. The methodology applied provides a comprehensive and robust framework
for the assessment of SB integration into SC. As a result, the priority of SB services related
to smart city infrastructure domains was identified as follows: SB factors related to the
smart energy domain had an impact of 32.67% on overall SC performance, while SB factors
related to smart water management contributed 23.96%, SB factors related to smart security
contributed 19.96%, SB factors related to smart mobility contributed 17.42%, and SB factors
related to smart waste management contributed 5.99%.

The framework has been applied to case studies to analyze and reveal how SB services
correspond with SC aims, in terms of efficiency, resilience, and environmental sustainability.
The results of case studies emphasize the transformational potential of SBs in improving the
performance of smart cities in smart energy, smart water management and smart security
domains. However, the analysis of the results has also highlighted areas that need further
integration development, such as mobility and waste management, to fully achieve the
objectives of SC performance. Additional research should prioritize the expansion of the
framework’s application to a wider range of SB initiatives. This, in turn, would enhance
the ability to make informed decisions on infrastructure development, resource allocation,
and sustainability measures.

The presented research approach has demonstrated the capabilities of a very new AI
tool application. The LLMs Google Bard and ChatGPT-3 have been recently developed, and
it will take time to prove their applicability for research purposes. The Delphi technique
enabled the effective validation of the evaluation framework for SB integration into the
smart city, since experts achieved a significant level of consensus. The iterative process
inspires future research by integrating significant observations and suggestions from indus-
try professionals. The investigation revealed that while there was general agreement on
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most of the features of SBs, there are certain domains, such as mobility and security, that
require further research and development in order to reach full expert consensus.

The main limitation of the proposed evaluation framework is that the current study im-
plemented advanced AI tools to evaluate the SB services factors related to SC performance,
as well as the importance of their SC domain, focusing mainly on the technological features
of integrating SBs into smart cities. Non-technological aspects might be an important field
for further investigation. Human factors, long-term sustainability capacity, user acceptance,
and the cost-effectiveness of integrated solutions are important factors to consider in re-
lation to the successful implementation of SB integration projects. Furthermore, future
research could explore the potential of other AI tools and methods, specifically different
machine learning algorithms, to automate the evaluation procedure. Also, incorporating
stochastic modeling to address uncertainties in AI predictions and decision-making pro-
cesses could significantly enhance the robustness of the AI-based framework for smart
city planning. This will lead to the development of more advanced tools to evaluate the
integration of SB into SC, and contribute to the dynamic development of a sustainable,
resilient, and efficient urban environment.
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