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Abstract

Adaptive reuse of industrial heritage from a tourism perspective presents a complex de-
sign challenge requiring a balance between heritage preservation, functional innovation,
and diverse stakeholder expectations. However, current practices often face issues such
as ambiguous demand interpretation and a disconnect between design generation and
systematic evaluation. Addressing these limitations, this paper proposes and illustrates a
human-machine collaborative design paradigm that integrates generative Al into a closed-
loop process of “demand analysis-intelligent generation—comprehensive evaluation.” The
method first employs Kansei Engineering and the KANO model to qualitatively extract and
quantitatively prioritise heterogeneous user needs, translating subjective perceptions into
structured design constraints and optimisation objectives. Next, these needs are encoded as
text prompts to drive targeted spatial exploration by the generative Al tool Nano Banana
AL Finally, the TOPSIS method is applied for multi-criteria performance evaluation and
solution selection. A case study of Shanghai Libo Brewery suggests that this paradigm can
enhance design efficiency and show potential to outperform traditional methods across
dimensions such as historical preservation, public accessibility, ecological integration, social
inclusivity, and formal innovation. The research offers a quantifiable and systematically
documented intelligent design methodology for industrial heritage renewal, while ac-
knowledging the exploratory nature of the generative phase. Furthermore, it provides
a visitor-demand-driven innovation pathway for developing industrial heritage tourism
destinations, thereby potentially enhancing cultural experiences and tourism appeal at her-
itage sites. This research illustrates a move from an experience-driven paradigm toward a
data- and value-driven approach, contributing theoretical methodologies to the intersection
of cultural tourism and artificial intelligence.

Keywords: industrial heritage tourism; visitor experience; Kansei Engineering; KANO
model; TOPSIS method

1. Introduction

Globally, urban development is shifting from expansion to stock enhancement [1,2].
Industrial heritage, as a vital repository documenting the industrialisation process and
bearing collective memory, has transcended the realm of architecture alone. Its preservation
and revitalisation are not only linked to historical continuity and spatial regeneration but
also closely tied to industrial upgrading and inclusive social development [3]. At the same
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time, industrial heritage also serves as a core resource for cultural tourism. Its revitalisation
design directly impacts visitor experience quality, length of stay, and destination selection,
thereby influencing regional tourism competitiveness [4,5]. However, renovation projects
often face complex trade-offs between preservation and utilisation, historical value and
contemporary functionality, and economic benefits and social welfare. These dynamic
relationships pose new challenges to design methodologies.

The current design approach for industrial heritage renewal relies heavily on individual
designers’ experience and judgement, which presents several limitations [6,7]. At the re-
quirement analysis stage, the diverse and often implicit demands of stakeholders—including
tourists, local residents, and operators—pose challenges for traditional methods. These
subjective, ambiguous emotional needs are difficult to systematically capture and translate
into clear design parameters [8,9]. At the level of scheme generation and evaluation, the
design process is typically linear and slow. Spatial performance metrics (such as renovation
feasibility, daylighting, and energy consumption) and human experience metrics (such as
sense of place and narrative quality) are often assessed in isolation. There is a lack of col-
laborative workflows for rapidly generating multiple schemes and conducting integrated
evaluations and optimisations [10,11]. These issues mean that the final solution still has
room for improvement in terms of innovation, adaptability, and effectiveness [12]. Espe-
cially in tourism-driven revitalisation efforts, visitors’ demand for experiential, interactive,
and culturally authentic experiences is often overlooked, leaving revitalised heritage sites
struggling to develop lasting appeal for tourists.

To address the aforementioned challenges, this study attempts to establish a
human-machine collaborative design paradigm suitable for adaptive reuse projects. This
paradigm integrates systematic requirement analysis, Al-driven design generation, and
multi-objective evaluation [13,14]. The goal is not to replace designers, but to provide
intelligent assistance that enhances creativity and decision-making, enabling a leap from
vague requirements to optimal solutions [15].

The core innovation of this study lies in interdisciplinary integration and method-
ological reconstruction, specifically manifested as follows: 1. A novel fusion of needs
analysis: Combining the semantic deconstruction of “imagery” from Kansei Engineer-
ing with the quantitative classification of needs from the KANO model, this approach
establishes a method for translating users’” emotional needs into a hierarchical, weighted
design objective system [16]. 2. Design-evaluation closed-loop integration: Connecting the
automated solution exploration of generative Al (Nano Banana Al) with a multi-criteria
evaluation model based on TOPSIS forms an iterative loop of “requirement input — solu-
tion generation — multidimensional evaluation — feedback optimisation.” This enables
continuous design refinement driven by data and algorithms. 3. Explicit tourism value: By
incorporating visitor experience needs (e.g., social interaction, place memory, participation)
into core evaluation metrics, this approach ensures generated solutions support industrial
heritage tourism development and destination appeal enhancement.

This study aims to develop and validate the aforementioned human-machine collabo-
ration paradigm, specifically addressing three questions:

(1) How can we construct an efficient framework to translate diverse, unstructured
user emotional needs (particularly visitor experience requirements) in industrial heritage
renewal into structured design parameters that generative Al can interpret?

(2) How can generative Al expand design possibilities within these parameter con-
straints, balancing historical preservation with functional innovation while meeting visitors’
expectations for authenticity and novel experiences?

(3) How can a comprehensive evaluation metric system be developed to balance
preservation value, spatial performance, and user experience while incorporating tourism
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appeal indicators? Furthermore, how can algorithms be leveraged to objectively compare
and rank multiple design schemes, helping designers make informed decisions?

The theoretical significance of this study lies in transcending previous research that
focused solely on form generation or performance simulation. It provides a comprehen-
sive theoretical framework that integrates human perception, intelligent generation, and
holistic evaluation, advancing design intelligence research from simple tool application
to systematic methodology development. This work presents a genuine case of interdisci-
plinary convergence among architecture, ergonomics, and computer science [17]. At the
practical level, it has developed an intelligent workflow system that enhances capabilities
in conducting in-depth needs analysis, exploring diverse solutions, and making scientific
decisions within urban renewal projects. The generated solutions demonstrate superior
performance in cultural adaptability, functionality, and public acceptance, while better
responding to tourism market demands. This approach elevates the experiential value and
destination appeal of heritage sites while shortening development cycles. It provides both
technical support and practical tools for sustainable urban renewal and heritage revitalisa-
tion [18]. This study contains the following sections: Part II (Literature Review), Part III
(Methodology and Framework), Part IV (Schemes and Findings), and Part V (Conclusions
and Future Directions).

2. Literature Review
2.1. Analysis of Related Research

This section reviews the literature from three dimensions: the evolution of industrial
heritage renewal paradigms, the application and challenges of generative Al in architectural
renewal, and the integration of demand analysis with multi-criteria decision-making methods.

(1) Industrial Heritage Renewal Design: From Preservation and Restoration to Collab-
orative Revitalisation, and Ultimately to Creating Tourism Destinations

The design philosophy for industrial heritage renewal has undergone significant evo-
lution. Early approaches focused on physical preservation and restoration, emphasising
authenticity, safety, and appearance [19]. As awareness of heritage value deepens, the
focus has shifted toward adaptive reuse, emphasising the revitalisation of economic and
social vitality through renovation and restructuring [20]. In recent years, industrial heritage
tourism has garnered significant attention from both academia and practitioners as a vital
branch of cultural tourism. Researchers have begun exploring how design can enhance vis-
itor experiences, foster place attachment, and boost destination competitiveness at heritage
sites [21]. However, traditional design processes still rely heavily on designers’ experi-
ence and linear reasoning when confronting complex demands—such as accommodating
diverse user needs, balancing heritage preservation with innovation, and considering
sustainability. This approach struggles to efficiently generate solutions and systematically
evaluate their overall performance in terms of cultural adaptability, functionality, and
tourism appeal [22]. Therefore, current research seeks smarter, more responsive approaches
to balance conflicting objectives.

(2) The Potential and Limitations of Generative Al in Building Renovation

The emergence of generative Al technology offers new possibilities for addressing these
challenges. Through machine learning models, generative Al can rapidly generate vast
numbers of spatial layouts, forms, or facade schemes based on design constraints, signif-
icantly expanding the breadth and speed of design exploration [23,24]. In the context of
building renewal, such tools are widely recognised for their unique value in unlocking the
potential of existing structures, exploring innovative forms that integrate old and new ele-
ments, and rapidly responding to site and environmental parameters [25]. However, current
applications and research face a core dilemma: the disconnect between “generation and
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evaluation.” Most studies focus on validating generative Al’s ability to produce specific forms
or styles, while relatively neglecting two key aspects that determine its practical value [26]. In
front-end development, there remains a lack of systematic methods for translating complex,
ambiguous task specifications (encompassing functional, cultural, and emotional dimensions)
and user requirements (including visitors” demands for experiential engagement, interac-
tive elements, and cultural narratives) in industrial heritage renewal projects into precise,
machine-understandable design directives or parametric objectives [27]. Research remains
insufficient on how to objectively and efficiently screen and rank massive outputs from gener-
ative backends using an evaluation system that integrates heritage value, functional efficiency,
environmental performance, and visitor experience. This disconnect decouples the generation
process from specific contexts, leading to uncertainties regarding cultural relevance, functional
rationality, and the tourism adaptability of the outputs. Consequently, it limits their deep
application in complex heritage renewal projects [28].

(3) Integration of Requirements Analysis and Multi-Criteria Decision-Making Methods

Kansei Engineering, as a technique that translates human sensory imagery into de-
sign elements, is employed in product and spatial design to establish a mapping between
user emotions and physical parameters [29]. The KANO model reveals the nonlinear
relationship between user satisfaction and demand fulfilment by distinguishing between
basic, expected, and delighting needs, providing a qualitative-semi-quantitative analytical
framework for setting design priorities [30]. In architectural and urban studies, scholars
have integrated affective ergonomics with the KANO model to identify and prioritise users’
underlying needs for public spaces or the built environment. M. Cai et al. proposed a
service design framework based on affective ergonomics and the KANO model, guiding
spatial design through customer perception [31]. Azzam et al. generated design recom-
mendations based on visitors” emotional states and needs, thereby aiding architectural
renewal [32]. However, such studies typically stop at the requirement analysis stage, failing
to directly and dynamically link these findings to subsequent automated design generation
and evaluation processes [33]. Especially in tourism contexts, the complex relationship
between visitor satisfaction and design elements has not been sufficiently incorporated
into generative design processes. In the realm of scheme evaluation and optimisation, the
TOPSIS method is widely applied to multi-attribute decision-making problems due to its
intuitive principles and straightforward computation. In architecture, TOPSIS is frequently
employed in scenarios such as material selection and sustainable building assessment [34].
Mishra and Muhuri employed the TOPSIS method to facilitate objective decision-making in
architectural heritage conservation [35]. Pouraghajan et al. applied the TOPSIS method to
rank four concrete systems, validating the model’s applicability [36]. However, existing re-
search has rarely combined TOPSIS with visitor experience indicators, nor has it embedded
TOPSIS into Al-generated design processes to optimise tourism value-oriented solutions.

In summary, existing research reveals clear trajectories and gaps across three dimensions:
1. Industrial heritage renewal design urgently requires more intelligent, collaborative method-
ologies; 2. Generative Al holds potential but remains constrained by the disconnect between
“generation and evaluation”; 3. While demand analysis (e.g., affective ergonomics, KANO)
and solution evaluation methods (e.g., TOPSIS) are applied, they often operate in isolation
or are merely sequentially connected, failing to integrate deeply with the dynamic design
process driven by generative Al [37]. There is a particular lack of a systematic framework
capable of translating users’ (especially tourists’) diverse emotional needs into parameters that
drive generative Al through scientific methods (such as affective ergonomics and KANO anal-
ysis), while simultaneously integrating comprehensive performance evaluation and feedback
mechanisms based on multi-criteria decision-making approaches (like TOPSIS) during the
dynamic generation process. This study aims to fill this gap by constructing and validating a
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closed-loop human-machine collaboration paradigm for industrial heritage renewal, encom-
passing “needs analysis-intelligent generation—-multi-objective evaluation,” with a particular
emphasis on the central role of tourism value within this framework [38].

2.2. Research Approach

Based on research gaps identified through a literature review, this study aims to con-
struct and validate a hybrid decision-making and design framework integrating “Kansei
Engineering, the KANO Model, Generative Al, and the TOPSIS method.” This framework
connects user subjective needs, intelligent generation potential, and multi-objective com-
prehensive evaluation to address complex decision-making scenarios in industrial heritage
renewal [39]. The core of this framework lies not in a simple sequential arrangement of
methods, but in forming an organically coordinated, closed-loop feedback system engineer-
ing: Kansei Engineering and the KANO model work synergistically to capture, semantically
deconstruct, and categorise diverse and ambiguous emotional imagery from users (espe-
cially tourists) at the front-end system, thereby transforming subjective preferences into
hierarchical design objectives and constraints; generative Al (Nano Banana Al) serves as the
core engine, receiving these structured, parameterized design directives to rapidly explore
solution spaces satisfying multiple requirements, vastly expanding design possibilities;
finally, the TOPSIS multi-criteria decision method conducts comprehensive quantitative
evaluation and ranking of generated solutions based on the evaluation indicator system and
weights established through prior analysis, enabling precise selection of optimal solutions.
The core proposition of this study is that this closed-loop framework effectively addresses
the pain points of “ambiguous requirements” and “disconnected evaluation” in current
industrial heritage renewal design. It significantly enhances the scientific rigour and goal-
orientation of the design process, as well as the comprehensive performance and tourism
adaptability of the final solutions [40]. To more clearly illustrate the logical progression and
iterative nature of this research, the study adopts the “Double Diamond Model” paradigm
from design thinking. The entire process is divided into two major phases: requirement
discovery and solution generation, both of which are presented visually (Figure 1).

Hybrid Decision-making and Design Framework for Industrial Heritage Renewal

Addressing “Ambiguous Requirements” and “Disconnect between Generation and Evaluation”

Requirement Discovery : Solution Generation
(Designing the Right Thing) (Designing Things Right)
Discover Define Develop Deliver
(Diverging) (Converging) (Diverging) (Converging)

Synthesis Ideation |5 1ementation

(Generative Al -
Nano Banana Al) ; Kgg&e & Test

—

Primary Research

(Sensory Engineering) Themes

(Hierarchical Design

Secondary Research Objectives) Evaluation Build =
(KANO Model Analysis) g (TOPSIS Muli-criteria Out
Opportunity Areas Method) A N
Insights (Parameterized Design okl

Directives) Ideas | Optimized Solution

(Exploration of |for Industrial
Solution [Heritage
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Develop Deliver
(Diverging) | (Converging)

Figure 1. Conceptual Roadmap.
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3. Research Methodology

3.1. Sample Size
3.1.1. Collection of Emotional Vocabulary

To ensure the representativeness and coverage of selected case studies, the initial
phase involved reviewing the literature on industrial heritage renewal, case databases
(e.g., UNESCO, DOCOMOMO), and design award platforms. This yielded a preliminary
sample pool of 40 industrial heritage renewal projects across Chinese provinces, featuring
diverse conversion models (e.g., cultural exhibitions, commercial complexes, creative
offices). To eliminate interference from overly similar cases, multidimensional classification
was applied based on project location, original industrial type, renovation era, scale, and
design strategy. Expert workshops were conducted to assess representativeness, ultimately
selecting 12 representative cases exhibiting significant differences in renovation philosophy,
spatial form, and functional adaptability as analytical samples. It is worth noting that
this selection strategy prioritises cases with distinct stylistic differences to maximise the
coverage of diverse design approaches, thereby supporting the extraction of a broad range
of sensory vocabulary. Consequently, the selected set does not necessarily reflect the actual
proportional distribution of renovation styles in practice, as the primary aim of this phase
is to capture the full spectrum of user perceptions rather than to establish a statistically
representative sample of project types. This approach aligns with the exploratory nature of
the study and ensures that subsequent demand analysis is grounded in a comprehensive
set of perceptual stimuli. Their basic information and distribution are shown in Table 1.

To collect sensory imagery data that authentically and comprehensively reflect the
perceptions and expectations of diverse groups regarding industrial heritage renewal, this
study recruited 120 participants. To ensure sample quality and representativeness, the
sampling design was structured as follows:

(1) To ensure the sample accurately reflects travellers” perceptions, the recruitment
of 120 participants specifically included 30 tourists with prior industrial heritage tourism
experience and 20 tourism management students, thereby enhancing the data’s representa-
tiveness of the travel experience.

(2) Stratified sampling ensured structural representativeness: Participants were strat-
ified based on the following dimensions: identity background (general public, architec-
ture/planning students, professionals in related fields), age group (18-30, 31-50, 51 and
above), and level of connection to industrial heritage (residents near the project, visitors to
similar sites, individuals with no direct experience). This design aims to capture diverse
perceptual differences and enhance the scientific validity of the sample structure.

(3) Geographic and Cultural Context Coverage: Samples encompassed cities of varying
tiers (first-, second-, and third-tier cities) and representative industrial heritage regions
(e.g., Northeast China’s old industrial bases, Yangtze River Delta industrial heritage zones,
and former Third Front Construction sites in central and western China). This reflects
the potential influence of regional culture, economic levels, and collective memory on
perceptions, enhancing the external validity of research conclusions.

(4) Target User Focus and Information Calibration: To enhance data relevance and
reliability, individuals lacking a basic understanding of industrial heritage renewal or out-
right rejection were explicitly excluded. This exclusion criterion was adopted because the
study aims to capture nuanced perceptions and emotional responses to industrial heritage
renewal, which presupposes a foundational understanding of the subject matter. Includ-
ing participants without such basic knowledge would likely result in evaluations lacking
validity and reliability, as their responses might be based on insufficient or inaccurate
comprehension. Given that the subsequent analysis—including Kansei Engineering vocab-
ulary extraction and KANO model classification—requires participants to make informed

https://doi.org/10.3390/info17040381


https://doi.org/10.3390/info17040381

Information 2026, 17, 381 7 of 22

judgments about design features, ensuring a minimum level of familiarity is essential for
generating meaningful and actionable data.

Table 1. Sample Images.

. .. Beijing China Resources Zizhu . .
Hangzhou Boiler Factory — Xizi Smart Pharmaceutical West Plant — Fashion Shanghai CSIC Marine Instrument

Industrial Park Creative Dream Factory Factory — Banchang Cultural Space

Shanghai Libo Brewery — Cultural and  Jiangxi Jingdezhen Imperial Kiln Factory —  Guangdong Dongjiang Brewery —
Creative Industrial Park Art Workshop Multi-functional Living Space

G A A | L

L
it

B After renovation After.renovation

Hunan Yueyang Hualing Port Old Shandong Lunan Ferroalloy Plant — Tibet Lhasa Cement Factory —
Wharf — Wharf Visitor Centre Heritage Park Art Museum
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Table 1. Cont.

- F
~ - HAfter-‘renovation

Zhejiang Haiyan Electric Power Metre Sichuan Huilan Town Drilling and Liaoning Dalian Chemical Research

Factory — Homestay

Production Plant — Community Centre Institute — Library

Prior to the survey, all participants received a standardised text and image intro-
duction covering fundamental concepts of industrial heritage, typical renewal cases, and
relevant design terminology. This ensured their sensory evaluations were grounded in
relatively comprehensive knowledge, thereby strengthening the validity and reliability of
the collected vocabulary.

Through this systematic design of samples and participants, this study aims to estab-
lish a robust data foundation for subsequent affective imagery analysis, hierarchy-of-needs
classification, and the extraction of design parameters. This approach ensures the research
process and conclusions possess stronger scientific support and practical guidance value.

3.1.2. Sensory Vocabulary Extraction

The collection of emotional imagery vocabulary employed a hybrid approach com-
bining online and offline methods. Participants were first screened based on predefined
sampling criteria. The final cohort of 120 participants maintained balanced gender represen-
tation (58% male, 42% female). The age distribution was as follows: 35% were aged 18-30,
45% were aged 31-50, and 20% were aged 51 and above. Geographically, participants were
drawn from first-, second, and third-tier cities, including both regions rich in industrial
heritage and areas with limited such resources, reflecting diverse spatial perceptions and
cultural backgrounds.

Participants were then tasked with conducting intuitive evaluations of 12 selected
industrial heritage renewal case studies across five dimensions: spatial form, preservation
and recreation of historical elements, functional adaptation, material and structural ex-
pression, and environmental integration. Each dimension required at least five descriptive
words or phrases, with participants encouraged to articulate their immediate spatial im-
pressions and emotional responses. Subsequently, all collected expressions were organised
and semantically categorised, converted into adjectives or adjectival phrases. A focus group
comprising eight experts in architecture, heritage conservation, and design psychology con-
ducted multiple rounds of discussion to eliminate terms clearly unsuitable for describing

e

architectural spatial experiences (e.g., “expensive,” “efficient”), semantically redundant
terms, or those with ambiguous connotations. During this process, the focus group applied
a set of explicit criteria to ensure the extracted terms possessed clear spatial orientation

and emotional connotations. Specifically, terms were required to (1) directly describe
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spatial attributes (e.g., form, material, scale) or experiential qualities (e.g., atmosphere,
emotional response); (2) demonstrate relevance to the context of industrial heritage re-
newal, avoiding generic descriptors that could apply to any architectural setting; (3) exhibit
semantic distinctiveness to minimise redundancy within the final set; and (4) maintain a
stable connotation across different user groups, ensuring interpretability and consistency.
Through iterative discussion and consensus-building, the group refined the initial pool
of collected expressions, retaining only those that met all four criteria. After refinement,
40 sensory imagery terms with clear spatial orientation and emotional connotations were
identified—eight per dimension.

Building on this foundation, the same focus group was invited to rate the applicability
of these 40 terms using a 7-point Likert scale (1 = “completely unsuitable for describing
industrial heritage renewal,” 7 = “extremely suitable”). The 2-3 terms with the highest
average scores within each dimension were selected, ultimately establishing 12 core sensory
imagery terms as the evaluation benchmarks for subsequent research. These terms include

i

“vivid place memory,” “blending old and new,” “open and permeable,” “flexible and

/a7 v 7o

adaptable,” “rustic industrial feel,” “warm and welcoming,” “eco-friendly,” “visually

e 7oAy

striking,” “serene and substantial,” “interactive and participatory,” “inspiring creativity,”

and “socially inclusive.”

3.2. KANO Demand Analysis
3.2.1. Sample Size and Question Design

To systematically identify and categorise diverse needs in industrial heritage renewal,
this study introduces the KANO model as a pre-design analysis tool [41]. By analysing
stakeholders’ response patterns to the presence or absence of specific project features,
the KANO model scientifically categorises demands into five categories: basic, expected,
delight, indifferent, and reverse. This clearly defines the priority and value attributes of
design elements, providing a basis for decision-making in balancing preservation and inno-
vation [42,43]. In this study, the model translates the complex and ambiguous qualitative
demands for industrial heritage renewal, derived from Kansei Engineering and the litera-
ture, into a structured list of requirements categorised by distinct attributes. This provides
direct input for setting design objectives in subsequent generative Al applications (Table 2).

Table 2. Industrial Heritage Renewal Requirement Checklist.

1. Preserve and highlight the 5. Authentically display original

original building’s iconic

9. Convey historical depth and

materials and structures, avoiding tranquillity through spatial ambiance

structures and historical traces excessive ornamentation

2. Establish a clear, harmonious 6. Mitigate coldness through thoughtful ~ 10. Provide facilities or activities that
dialogue between new and detailing to create a welcoming, encourage public participation and
historical elements human-scale atmosphere experiential engagement

3. Break down enclosed spaces to
create public interfaces connected

to the urban fabric

11. Provide an inspiring environment
that supports artistic creation,
exhibition, and exchange

7. Prioritise passive energy-saving
strategies and visible green technologies

4. Provide large spaces and flexible

layouts adaptable to future
functional changes

12. Ensure the project benefits
diverse groups by providing
inclusive public spaces and services

8. Create contemporary, eye-catching
forms or nodes

To ensure a comprehensive and representative collection of needs, this study em-
ploys a stratified mixed-sample strategy. Participants include the following three key
stakeholder groups:
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(1) Professional Practitioner Group: Through networks of architectural societies, plan-
ning institutes, and university heritage conservation research groups, 80 architects, planners,
and conservation specialists with experience in industrial heritage renewal projects were
invited. This aimed to gather professional requirements regarding technical specifications,
heritage value preservation, structural renovation feasibility, and sustainability [44].

(2) Site User Group: Recruited 120 regular visitors to industrial heritage renewal
projects (e.g., repurposed museums, creative districts, commercial complexes) or resi-
dents from surrounding communities in selected case cities to capture authentic spatial
experiences, functional satisfaction, and emotional connection needs.

(3) General Public Group: Recruit 100 individuals via online platforms who express
interest in urban renewal and historical culture but lack direct project experience, reflecting
broader societal expectations, cultural perceptions, and symbolic significance needs.

All participants undergo background screening before accessing the formal question-
naire to ensure representativeness within their respective groups. The total valid sample
size of 300 meets the KANO analysis requirements for exploratory research, adequately
covering diverse perspectives, including professional judgement, user experience, and
social perception.

Question design strictly followed the standardised questionnaire format of the KANO
model. For each potential design requirement extracted from the preliminary emotional
imagery analysis, a pair of positive—negative questions was designed:

Positive question: If this industrial building were renovated to include this fea-
ture/function/quality, how would you feel? (Very much like it, Should be that way,
Indifferent, Tolerable, Dislike it).

Reverse question: If this industrial building lacks this feature/function/quality af-
ter renovation, how would you feel? (Very much like, Should be there, Indifferent,
Tolerable, Dislike).

The questionnaire employs a five-point Likert scale for measurement [45]. By cross-
analysing each respondent’s responses to the positive and negative questions for each
requirement item and referencing the standard KANO evaluation matrix, each require-
ment item can be categorised accordingly. All questionnaire data will be organised, sub-
jected to reliability and validity testing, and statistically categorised using SPSS software
(version 26.0, IBM Corp., Armonk, NY, USA). This process will yield a property-classified
list of design requirements, reflecting varying importance and impact on satisfaction, serv-
ing as the foundation for the subsequent construction of generative design goals and
development of an integrated evaluation system [46].

3.2.2. Data Analysis and Results

Over a 12-day period, this survey collected 292 valid questionnaires, achieving a
97% response rate and meeting statistical reliability requirements. Based on the KANO
model analysis principles, a cross-analysis of the questionnaire data determined the at-
tribute categories for each requirement and calculated the corresponding satisfaction co-
efficients [47,48]. Among these, better satisfaction coefficient = (A + O)/(A + O + M + ),
where a value closer to 1 indicates a greater contribution of the feature to enhancing user
satisfaction; worse dissatisfaction coefficient = —(O + M)/(A + O + M + ). A value closer to
—1 indicates a greater impact of not providing the feature on user dissatisfaction [49]. The
analysis results are summarised below (Table 3).
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Table 3. Respondent Demand Satisfaction Coefficient Table.

. Better Worse KANO
Function A M 0 I Coefficient Coefficient Attributes
.1. Pr.eserve and hlghhght the original building’s 8.2% 486% 301% 13.0%  38.3% _78.79% Basic
iconic structures and historical traces Needs
3. Break the sense of isolation and create public o o o o o o Performance
interfaces connected to the urban fabric 229%  19.2%  363%  21.6%  59.2% —55.5% Needs
7.. I.’rlontlse passive energy-saving strategies and 205%  22.6% 342% 22.6%  54.7% _56.8% Performance
visible green technologies Needs
12. Ensure projects benefit diverse groups by 1950 5470, 300, 24.0%  51.4% ~56.9% Performance
providing inclusive public spaces and services Needs
2. Establish a clear and harn}onlot.ls dialogue 7 4%  164%  33.6% 22.6%  61.0% 50.0% Attractive
between the new and historic sections Needs
6. Mitigate COldI:leSS through detailed design to 240% 17.8% 295% 28.8%  53.5% —473% Attractive
create a welcoming atmosphere Needs
8. Create contemporary, eye-catching forms 08.8% 144% 274% 295%  56.2% _41.8% Attractive
or nodes Needs
10. E.stabhs.h .fac11.1t1es or activities that encourage 5. o g5 301 253 56.1% 48.6% Attractive
public participation and hands-on experiences Needs
4. Provide ample space and flexible layouts o 40 20 Indifferent
adaptable to future functional changes 185 233 260 322 44.5% 49.3% Needs
5. Faithfully repr.oduce orlglnal materials z.md 15.1 26.0 8.8 301 43.9% _54.8% Indifferent
structures, avmdmg excessive ornamentation Needs
9. Conveymg h1st0r1.cal depth and tranquillity 164 205 315 315 47.99% _50.0% Indifferent
through spatial ambiance Needs
11. Provide an inspiring environment that Indifferent
supports artistic creation, exhibition, 21.9 19.2 28.8 30.1 50.7% —48.0% Needs

and exchange

Based on KANO model analysis, the design requirements for industrial heritage ren-
ovation exhibit a clear hierarchical structure, providing a quantitative basis for informed
design decisions. Core findings indicate that “preserving and highlighting the original
building’s iconic structures and historical traces” stands as the sole essential requirement. Its
exceptionally high dissatisfaction coefficient (Worse = —78.7%) establishes heritage preser-
vation as an absolute design baseline. Three key performance dimensions—enhancing
public accessibility, integrating green technologies, and ensuring social inclusivity—are
identified as crucial factors influencing user satisfaction. The degree to which these require-
ments are fulfilled exhibits a positive correlation with user satisfaction, making them core
targets for resource allocation. Four Attractive Needs, such as fostering dialogue between
old and new elements and creating a warm atmosphere, represent innovative directions that
transcend basic expectations and significantly enhance project appeal and surprise value.
The remaining requirements, categorised as indifference requirements, indicate potential
for flexible optimisation under resource constraints. This analysis systematically prioritises
design elements, laying a scientific foundation for subsequent goal-driven generative Al
and weight allocation in the TOPSIS comprehensive evaluation.

3.3. Generative Design
3.3.1. Generative Tools and Parametric Driving Mechanisms

To transform the classified and quantified user needs identified in prior research into
explorable spatial design solutions, this study employs generative Al—Nano Banana Al
(version 1.2.0, developed by Nano Interactive Inc., San Francisco, CA, USA, accessed via its
cloud-based API in November 2024)—as the core engine for form and space generation.
Based on advanced Generative Adversarial Networks (GANSs) or diffusion model architec-
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tures, this tool generates architectural-scale spatial solutions that adhere to text, image, and
parameter constraints. Its advantage lies in handling multidimensional, nonlinear design
constraints while rapidly generating a large volume of concept Schemes that are diverse
in form, layout, and style. This makes it highly suitable for exploring solution spaces that
address complex design propositions in industrial heritage renewal, such as “integration of
old and new” and “flexible adaptability” [50].

Within the framework constructed in this study, generative Al does not operate
independently. Its core function is to receive and execute structured design instructions
derived from KANO model analysis results, enabling directed exploration from “needs” to
“form.” The specific driving mechanism is as follows:

Step 1: Parametric Encoding of Design Objectives. Convert the demand attributes
derived from KANO analysis into specific generation parameters or text prompts.

(1) Basic needs as hard constraints: For instance, the demand to “preserve iconic
structures” is set as an immutable foundational condition in input instructions, such as
“maintain the integrity of the original north-facing truss structure.”

(2) Optimise desired requirements as targets: For instance, requirements like “create
public interfaces” and “adopt green technologies” are transformed into explicit spatial and
performance objectives, such as “generate an elevated public plaza of at least 500 square
meters along the street-facing interface” or “establish a three-dimensional photovoltaic
array on the roof, whose form must integrate with the roof contour.”

(3) Transforming aspirational requirements into creative directions: For instance, the
demands to “foster dialogue between old and new” and “enhance interactive engagement”
will be converted into open-ended directives that stimulate form innovation, such as
“Design a transparent glass corridor connecting the old factory building and new volumes,
with a dynamic form” or “Create a stepped interactive structure within the courtyard that
can function as an open-air theatre or exhibition space.”

Step 2: Setting Up the Iterative Generation Process. A total of five iterative gen-
eration rounds were conducted. In the initial round, broad directives were employed
to explore a wide range of possibilities (n = 20 outputs). Based on visual evaluations
of preliminary results and simple performance simulations, directives were refined and
adjusted—such as enhancing the weight of specific features or introducing new spatial
relationship constraints—to enable more focused iterative generation in subsequent rounds
(rounds 2-5, each generating n = 15 outputs). This process embodies the core role of “hu-
man guidance” in human-machine collaboration. Across all rounds, a total of 80 design
schemes were generated.

Step 3: Scheme Output and Preprocessing. Nano Banana Al will generate a series of
spatial scheme images and simplified 3D models that meet the defined constraints. From
the 80 generated outputs, the research team applied a preliminary screening rule to retain
a manageable subset for detailed evaluation. The screening criteria prioritised (1) strict
compliance with all essential (hard) constraints; (2) diversity in formal expression to capture
a broad range of design strategies; and (3) visual coherence and feasibility for architectural
implementation. Following this screening, three representative schemes were selected for in-
depth analysis: Scheme 1 (a benchmark reflecting traditional design approaches, retained
from existing documentation of the Shanghai Libo Brewery project), Schemes 2 and 3
(two distinct schemes generated through the Al-assisted process). These schemes form the
“scheme pool” for subsequent TOPSIS multi-criteria evaluation. Prior to evaluation, all
generated schemes undergo standardised preprocessing to ensure basic comparability.

It should be noted that the generative design process described here is exploratory in
nature, aimed at demonstrating the potential of the proposed human—machine collaboration
framework rather than establishing a fully automated and reproducible design pipeline.
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While every effort has been made to document the prompts, parameters, and screening
criteria, the inherently iterative and human-guided nature of this approach means that
exact replication of the specific outputs may not be guaranteed. The value of this study lies
primarily in the methodological framework and the demonstrable performance advantages
of Al-assisted generation under structured guidance, rather than in the reproducibility of
any single output.

Through this mechanism, generative Al tools function as a “conceptual solver” within
this framework. They systematically translate qualitative, hierarchical user requirements
into a tangible, comparable set of spatial solutions, thereby establishing a robust foundation
for subsequent scientific evaluation and decision-making using the TOPSIS method.

3.3.2. Case Selection and Prompt Transformation

To validate and apply the human—machine collaboration paradigm established earlier,
this study selected the former site of Shanghai Libo Brewery as a case study.

The Shanghai Libo Brewery is situated along the Xuhui Riverside, an important
cultural tourism corridor in Shanghai, adjacent to cultural landmarks such as the West
Bund Art Museum Cluster and Long Museum. Its redevelopment is positioned as a cultural
and creative industrial park, poised to attract large numbers of local residents and visitors.
Consequently, the design must incorporate tourism functions, including a visitor centre,
guided tour routes, photo spots, and cultural and creative retail spaces. The design brief
specifically includes requirements such as “ensuring the park possesses high recognizability
to become a regional tourism hub” and “creating a cohesive visitor experience flow.”

(1) Basic needs as non-negotiable constraints

Example Generation Command (Hard Condition): The original silo cluster facade out-
line, the sawtooth roof structure of the main brewing workshop, and the industrial trusses
facing the Huangpu River must be fully preserved. All new or modified volumes must not
compromise the structural integrity or visual dominance of these core historical elements.

(2) Desired requirements serve as core optimisation objectives

Example Generative Directive (Goal-Oriented): 1. Along the street-facing interface
and riverside edge of the complex, create an open, vibrant sequence of ground-level pub-
lic spaces, including an entrance plaza, a corridor-style commercial street, and viewing
platforms opening toward the river. Schemes must clearly demonstrate the natural flow
of pedestrian movement from the city into the complex interior 2. Integrate photovoltaic
systems or green roofs onto preserved factory rooftops, harmonising with existing sawtooth
roof designs. Simultaneously, leverage existing tall production spaces to create courtyard
or atrium systems that promote natural ventilation and daylighting. 3. Design aerial walk-
ways, viewing boxes, or ancillary volumes connecting silos to new creative office buildings.
Materials should prioritise modern elements, such as glass curtain walls, weathering steel
panels, and precast concrete, to create a textural and temporal contrast with the existing
red brick and concrete. 4. Within the central plaza or courtyard, create a flexible space
suitable for art installations, weekend creative markets, or outdoor performances. This
area should incorporate movable facilities, tiered green seating, and lighting systems to
generate diverse spatial configurations and event scenarios.

Based on the former Shanghai Libo Brewery site, without altering the original building
locations, redesign it into a vibrant cultural and creative industrial park, presenting a front
elevation. The original chimneys, silo clusters, sawtooth-roofed factory buildings, and
riverside trusses must be strictly preserved. The core design objectives are as follows:
1. Create rich, open public interfaces along the park perimeter, seamlessly connecting the
city and riverside spaces; 2. Integrate visible green energy systems onto existing building
roofs. Key creative explorations: 1. Design striking, era-contrasting new-old connectors
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(e.g., sky bridges); 2. Plan a central, multi-functional public interaction courtyard. Gen-
erated solutions must embody the weighty character of industrial heritage alongside the
innovation and openness of cultural industries.

Through this process, qualitative, layered user needs are systematically encoded into
machine-executable design tasks. This ensures the generative Al exploration remains
value-driven throughout, laying the foundation for precise human-machine collaboration
and effective outcomes.

3.4. TOPSIS Design Evaluation

Scheme 1 represents the existing design, while Schemes 2 and 3 are the generated
Schemes, as shown in Table 4.

Table 4. Shanghai Libo Brewery Renovation Design Schemes.

Scheme 1

Scheme 2 Scheme 3

To conduct a comparative assessment of design logic and overall performance be-
tween the generated schemes and traditional approaches, this study organised an expert
evaluation. Twenty evaluators were invited, including 12 professional architects with
experience in industrial heritage or urban renewal projects, 4 urban and rural planners,
and 4 researchers holding the title of associate professor or higher at architectural institu-
tions. The evaluation was based on five core criteria derived from KANO analysis results:
1. Intensity of historical element preservation; 2. Public Space Permeability; 3. Ecological
Technology Integration; 4. Functional Social Inclusion; 5. Form Innovation and Experiential
Appeal. The weights for these five criteria were derived from the KANO classification
results and the Better—Worse coefficients obtained in Section 3.2.2. Specifically, Basic Needs
(historical preservation) were assigned the highest weight (0.30) due to their fundamental
role in user satisfaction; Expected requirements (public permeability, ecological integration,
social inclusion) were assigned moderate weights (0.20 each); Attractive needs (form inno-
vation and experiential appeal) were assigned a weight of 0.10. These weights reflect the
hierarchical importance of design priorities established through the KANO analysis and
were validated through expert consultation to ensure alignment with design practice.

Using a seven-point Likert scale (1 = Very Poor, 7 = Excellent), evaluators indepen-
dently scored Scheme 1 (the existing design) and Schemes 2 and 3 (the generated Schemes).
After collecting all valid scores, the average score for each scheme across all criteria was
calculated to construct the initial decision matrix (Table 5). The standard deviations for each
criterion across evaluators are reported in Table 6 to indicate the degree of consensus among
the expert panel. To assess inter-rater reliability, Kendall’s W (coefficient of concordance)
was calculated, yielding a value of 0.832 (p < 0.001), indicating strong agreement among
the 20 evaluators.
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Table 5. Initial Evaluation Matrix (Mean Scores).

Evaluation Criteria Scheme 1 Scheme 2 Scheme 3
Historical Element Protection Intensity 6.2 5.5 5.8
Public Space Penetration 4.5 6.1 5.7
Ecological Technology Integration 4.7 5.6 6.3
Functional Social Inclusion 49 54 6.0
Form Innovation and Experience Appeal = 4.3 6.4 59

Table 6. Standard Deviations of Evaluator Scores.

Evaluation Criteria Schemel  Scheme2  Scheme 3
Historical Element Protection Intensity 0.71 0.62 0.68
Public Space Penetration 0.83 0.65 0.74
Ecological Technology Integration 0.79 0.70 0.58
Functional Social Inclusion 0.76 0.68 0.63
Form Innovation and Experience Appeal ~ 0.88 0.55 0.69

Subsequently, in accordance with the TOPSIS method’s standard operational proce-
dures, the data underwent vector normalisation. A weighted decision matrix was con-
structed by incorporating criterion weights. Positive and negative ideal solutions were then
determined, and the distance and relative proximity of each scheme to these ideal solutions
were calculated. Finally, schemes were prioritised based on relative proximity values to
derive an objective and comprehensive evaluation conclusion [51].

Step 1. Mean-shift the questionnaire results to obtain the initial evaluation matrix,

denoted as f.
Step 2. Normalise the initial evaluation matrix to obtain the standardised matrix.
R — fl] . e
i = = (i=12,..,mj=12,..n) (1)
i=1Jij

Step 3. Calculate the weighted standardised matrix based on the target weights of
each evaluation indicator.

Ml']' = W]Rl] (l = 1, 2,..., m,'j = 1,2,..., 1/1) (2)

Step 4. Determine the positive and negative ideal solutions.

Mj+ = max{ulj, UDjy wevy Uy j} (j=12.,m) 3)
M; = min{ul]-, Ugj, weey Uy j} (j=12,.,m) 4)
A* = (M, MS,.., M) (5)
A = (M, M;,..M,) (6)

Step 5. Calculate the distance between each scheme and the ideal solutions using
Euclidean distance. The distance from each scheme to the positive ideal solution is denoted
as Si*, and the distance to the negative ideal solution is denoted as Si~.

(7)
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(8)

Ci=—17=1— (i=12...

— 9
SH+S; ®)

Finally, evaluate the priority of each scheme based on the magnitude of Ci. A larger
value indicates a higher priority [52]. To assess the robustness of the TOPSIS ranking results, a
sensitivity analysis was conducted by systematically varying the criterion weights within a
reasonable range (£20% of the original weights) while maintaining the relative hierarchical
relationships derived from the KANO analysis. Ten alternative weight scenarios were tested,
covering variations in individual weights and combinations thereof. In all scenarios, Scheme
3 remained the top-ranked scheme, followed by Scheme 2, with Scheme 1 consistently ranked
lowest. This stability indicates that the ranking results are robust to reasonable variations
in weight assumptions and that the superiority of the generative design schemes over the
traditional approach is not contingent upon the specific weight set employed.

3.5. Methodological Chain Summary

To ensure transparency and reproducibility of the proposed framework, Table 7 sum-
marises the complete methodological chain, illustrating how each step builds upon the
previous one and how the outputs of each phase are systematically transformed into inputs
for the subsequent phase.

Table 7. Summary of the Methodological Chain from Vocabulary Collection to TOPSIS Evaluation.

Phase

Step

Core Content

Input

Output

Connection to

Subsequent Phase
120 participants evaluated
1 Initial Vocabulary 12 industrial heritage cases across 12 representative 400+ raw descriptive Provides raw material
Collection 5 dimensions, generating case studies expressions for expert screening
descriptive expressions
Focus group (8 experts) applied
. four criteria: spatial attribute . Establishes candidate
Expert Screening g . 40 sensory imagery
2 g relevance, context specificity, Raw expressions . . pool for core
and Refinement L terms (8 per dimension) .
semantic distinctiveness, and term selection
stable connotation
Focus group rated 40 terms on Defines evaluation
. 7-point Likert scale for 40 sensory 12 core sensory dimensions and informs
3 Core Term Selection . . . .
applicability; top 2-3 per imagery terms imagery terms KANO requirement
dimension selected development
12 core terms translated into 12 requirement items o .
12 design requirement items; with KANO Classifies requirement
KANO Requirement . . ’ 12 core sensory o priorities; Better /Worse
4 . stratified sampling . classifications - .
Construction imagery terms . coefficients determine
(n =292) collected (Essential, Expected, .
o . . design focus
positive/negative responses Charm, Indifference)
KANO classifications converted
into three-level prompt structure: e
Prompt Encoding Basic Needs (hard constraints), KANO classifications Structured text prompts  Guides targeted solution
5 . L and Better/ Worse .
for Generative Al Performance Needs (optimisation - for Nano Banana Al space exploration
L. . coefficients
objectives), Attractive Needs
(creative directions)
e . 5 evaluation criteria:
KANO classifications inform . . .
weight allocation; core sensory 12 core sensory Historical Preservation, Enables multi-criteria
TOPSIS Evaluation . 4 ) Public Permeability, . .
6 imagery terms and KANO imagery terms, ranking and selection of

Criteria Derivation

requirements define
5 evaluation criteria

KANO classifications

Ecological Integration,
Social Inclusion,
Form Innovation

generated solutions
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This methodological chain ensures that user perceptions and emotional needs are
systematically translated into design constraints, generative parameters, and evaluation
metrics, maintaining conceptual coherence throughout the closed-loop human-machine
collaboration paradigm.

4. Research Findings

Based on the TOPSIS multi-criteria decision analysis results (Table 8), this study quan-
titatively evaluated and compared the comprehensive performance of schemes under dif-
ferent design paradigms. This validated the effectiveness of the proposed human-machine
collaborative generative design paradigm and sparked in-depth discussions on design
value orientations and innovation pathways [53].

Table 8. Computational Results.

Positive Ideal Solution Negative Ideal Solution =~ Comprehensive Score

Scheme Distance (Sit) Distance (Si™) Index (Ci) Ranking
Scheme 1 0.88449574 0.46654827 0.34532426 3
Scheme 2 0.56488808 0.69097258 0.55019844 2
Scheme 3 0.30522003 0.81457166 0.72743142 1

Calculation results indicate that the comprehensive proximity (Ci) of both generative
design solutions (Schemes 2 and 3) exceeds that of the traditional design solution (Scheme 1).
Notably, Scheme 3 achieves the highest Ci value (0.7274), indicating its overall performance
is markedly closer to the ideal solution. This outcome robustly validates the superiority
of the human-machine collaboration paradigm established in this study, which is driven
by KANO demand analysis for generative Al and employing TOPSIS for closed-loop
evaluation [54].

Although Scheme 3 outperforms Scheme 2 in overall score, their performance profiles
reveal distinct innovation focuses. Consistent with the scoring matrix presented in Table 5,
Scheme 3 demonstrates superior performance in two core Performance Needs: “Ecological
Technology Integration” and “Functional Social Inclusion.” This indicates that, while meet-
ing basic constraints (Basic Needs), continuous optimisation to enhance overall social and
environmental performance is crucial for determining a scheme’s ultimate competitiveness.
Conversely, Scheme 2 exhibits stronger performance in “Form Innovation and Experience
Appeal,” showcasing exceptional responsiveness to “Attractive Needs” and creating a
highly recognisable visual identity for the project.

The traditional design Scheme (Scheme 1) achieved the lowest comprehensive align-
ment score (0.3453), ranking last among the schemes. While scoring highest in “historical
element preservation intensity,” demonstrating reliable control over a single rigid objective
through experience-driven approaches, it falls short across dynamic, multidimensional
performance goals such as public accessibility, ecological integration, social inclusivity, and
innovative experiences. This confirms that traditional linear, experience-driven design
processes often struggle to achieve breakthrough systemic optimisation when balancing
multiple values, such as preservation, development, society, and the environment.

Additionally, the composite scores for Schemes 2 and 3 significantly outperform the
traditional approach, reflecting not only their advantages in multi-objective optimisation
but also revealing their potential as tourist destinations. Scheme 3 achieved the highest
scores in “Ecological Technology Integration” and “Functional Social Inclusion,” indicating
its ability to provide visitors with more comfortable microclimate environments (e.g.,
natural ventilation, green roofs) and more welcoming public spaces (e.g., barrier-free
facilities, multi-functional activity areas). This extends visitor dwell time and enhances
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satisfaction. Scheme 2 excelled in “Form Innovation and Experiential Appeal.” Its bold
new-and-old connecting structures (like aerial walkways) and dynamic facade treatments
easily become visual landmarks for tourist photos, amplifying social media reach and
boosting destination visibility. In contrast, while the traditional scheme preserves historical
integrity, it lacks interactive spaces and visual focal points to engage visitors, making it
difficult to stand out in the competitive cultural tourism market.

This outcome demonstrates that Al-assisted design generation not only meets fun-
damental preservation and functional requirements but also proactively responds to the
tourism market’s demand for unique experiences and aesthetic value. By integrating visitor
needs into the design generation process, we can create heritage spaces that harmoniously
blend cultural depth with tourism appeal.

5. Conclusions

Regarding the evaluation of tourism performance, it is important to note that the
TOPSIS assessment in this study was conducted by an expert panel rather than by actual
visitors or tourists. While the evaluation criteria were explicitly derived from user-centred
KANO analysis and include indicators relevant to tourism (such as public permeability and
form innovation), the findings represent expert-based assessments of design quality rather
than validated visitor preferences. Therefore, this study is presented as an exploratory pilot
framework for tourism-oriented industrial heritage renewal, demonstrating the potential
of the proposed human-machine collaboration paradigm to generate solutions that align
with expert-identified tourism-related design priorities. Future research should incorporate
visitor-based evaluations to validate the actual tourism performance of generated schemes.

Addressing the core challenges of “ambiguous requirements” and “disconnect be-
tween generation and evaluation” in industrial heritage renewal, this study proposes and
systematically validates a hybrid decision-making framework and human-machine col-
laborative design paradigm. This framework integrates Kansei Engineering, the KANO
model, generative Al (Nano Banana Al), and the TOPSIS multi-criteria decision-making
method. Through theoretical development and empirical research using the Shanghai
Libo Brewery as a case study, this paradigm first employs Kansei Engineering and the
KANO model to systematically identify and scientifically classify diverse, ambiguous user
perceptions and needs. It then converts these classified and quantified needs into structured
prompts to drive the generation of Al solutions for targeted exploration. Finally, it employs
a TOPSIS model built on the same demand system to conduct a multidimensional, compre-
hensive evaluation and selection of optimal solutions. The case study suggests that this
framework can guide the generation process. The generated solutions (Schemes 2 and 3)
show advantages over the traditional design method (Scheme 1) in key dimensions, with
Scheme 3 achieving the highest comprehensive performance (Ci = 0.7274), followed by
Scheme 2 (Ci = 0.5502), while Scheme 1 lagged notably behind (Ci = 0.3453). This supports
the potential effectiveness of the complete closed-loop process from “needs insight” to
“intelligent generation” to “scientific evaluation,” while recognising that the generative
phase is exploratory and not fully reproducible without human guidance.

The contributions of this study are primarily manifested at two levels: theory
and methodology.

1. Theoretical Contribution: This study pioneers the systematic integration of Kansei
Engineering, KANO, and TOPSIS theories within the interdisciplinary field of indus-
trial heritage renewal and generative design. It establishes a novel integrated theoreti-
cal framework encompassing “Humanistic Perception—Value Quantification-Intelligent
Generation-Comprehensive Evaluation.” This framework not only addresses the promi-
nent disconnect between “generation and evaluation” in current research but also deepens
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understanding of the “value-driven human-machine collaboration” paradigm. It empha-
sises the core navigational role of systematic requirement analysis and rational decision-
making in guiding Al creativity, ensuring cultural adaptability, and achieving comprehen-
sive performance in heritage renewal projects. This provides an interdisciplinary theoretical
foundation for the deep application of intelligent technologies in heritage conservation.

Additionally, this study provides new methodological tools for industrial heritage tourism
research. First, the constructed “emotional demand-intelligent generation—comprehensive eval-
uation” framework offers a data-driven approach centred on visitor experience for tourism
destination design. Second, through the empirical case of Shanghai Libo Brewery, we
demonstrate how to transform ambiguous visitor imagery into actionable design parame-
ters and leverage Al to rapidly generate diverse solutions aligned with market preferences.
Finally, the TOPSIS evaluation system incorporates indicators directly relevant to tourism
(such as public permeability and form innovation), enabling scheme ranking that reflects
their potential value as tourism products.

2. Methodology and Empirical Contributions: The study delivers a clear, actionable,
and systematically documented intelligent design assistance workflow. Specifically, it estab-
lishes a standardised conversion method that transforms sensory imagery vocabulary into
hierarchical design requirements via the KANO model, then encodes these into generative
Al prompts. A detailed comparative and quantitative analysis, using the Shanghai Libo
Brewery as a case study, not only demonstrates the framework’s feasibility as an exploratory
approach but also reveals the significant advantages of the generative approach in balanc-
ing preservation and innovation, while enhancing social and environmental performance.
It should be noted, however, that the generative design process is inherently iterative
and human-guided; exact replication of the specific outputs may not be guaranteed. The
value of this study lies primarily in the methodological framework and the demonstrable
performance advantages of Al-assisted generation under structured guidance, rather than
in the reproducibility of any single output. This provides empirical evidence and a practical
toolkit for addressing complex multi-objective challenges in industrial heritage renewal
design practices.

However, this study has certain limitations, which point to future research directions:

1. Limitations in research samples and evaluation dimensions: While the KANO
questionnaire sample strives for comprehensiveness, it primarily reflects domestic contexts
and does not fully account for value perception differences across diverse global cultures.
TOPSIS evaluation, though incorporating expert scoring, remains inherently subjective.
Future studies should conduct cross-cultural comparisons and explore integrating objective
performance simulation data into the evaluation system to enhance the universality and
objectivity of conclusions.

2. Framework Expansion and Dynamic Potential: This framework holds potential for
transferable application to other types of existing stock renewal projects, such as historic
districts and existing building renovations. Future research could further integrate big
data on visitor behaviour (such as mobile phone signalling and social media photos) with
real-time feedback (such as online reviews) to dynamically adjust demand weightings and
evaluation criteria. This would establish an adaptive, self-optimising tourism-oriented
heritage renewal design system. Additionally, the approach could be extended to renewal
planning for other cultural tourism sites, such as historic districts and traditional villages,
driving deeper application of artificial intelligence in the cultural tourism sector. Moreover,
future work could aim to enhance the reproducibility of the generative phase by stan-
dardising prompt protocols and incorporating quantitative performance feedback loops,
thereby moving from exploratory demonstration towards a more fully automated design
support system.

https://doi.org/10.3390/info17040381


https://doi.org/10.3390/info17040381

Information 2026, 17, 381 20 of 22

In summary, the proposed integrated decision-making framework combining Kansei
Engineering, the KANO model, generative AL, and TOPSIS—along with its human-machine
collaboration paradigm—provides critical methodological support for advancing indus-
trial heritage renewal design from an “experience-driven” to a “data- and value-driven”
approach. Despite the aforementioned limitations, its potential to enhance design fore-
sight, systematicity, and comprehensive benefits—including tourism appeal—signifies a
significant stride toward scientific and refined human-machine intelligence collaboration
in cultural heritage preservation and innovation.
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