ﬂ buildings

Article

A Cross-Modal Deep Learning Framework for Quantifying the
Complexity of Heritage-Surrounding Environments: A Case
Study of the Area Within the Ming City Wall in Xi’an, China

Bin Zhang !, Mengchi Ma *

W) Check for updates

Academic Editor: Antonio Formisano

Received: 26 August 2026

Revised: 22 October 2026

Accepted: 26 October 2026
Published: 29 October 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

and Jiao Ma 2

School of Arts, Xi’an University of Architecture and Technology, Xi’an 710055, China; zbing@xauat.edu.cn
School of Design, Xianyang Normal University, Xianyang 712000, China; feelings0310@163.com
*  Correspondence: jdmc@xauat.edu.cn

2

Abstract

Rapid urbanization is increasingly threatening urban cultural heritage, leading to a sys-
tematic imbalance in such heritage and the destruction of its integrity and surrounding
environment. The existing assessment methods mostly rely on single-dimensional data or
qualitative observations, ignoring the collaborative quantification of the complex state of
the heritage-surrounding environment. This study proposes a coupling perspective based
on the physical form dimension, functional attribute dimension, and public perception
dimension, and constructs a quantitative assessment framework to address the complex
state of the heritage-surrounding environment. This framework integrates the spatial
perception of SegFormer and the text semantic branch of MacBERT; uses the shared latent
space feature alignment mechanism to fuse satellite and street view images, POlISs, policy
texts, and social media corpora; and, through Bootstrap resampling, builds a three-step
adaptive calibration threshold to systematically measure and quantitatively characterize
the three indices of spatial form (SMI), functional attribute (FAI), and public meaning drift
(PMDI). The empirical evaluation of the Kaitong West Lane corridor reveals pronounced
multi-dimensional non-equilibrium spatial evolution characteristics: its physical interface
exhibits moderate degradation, and its micro-functional order and commercial ecosystem
display severe disorder, yet online public discourse regarding core historical landmarks
exhibits low semantic drift. Under dual-anchor conservative criteria, the overall assessment
of the study area converges to a “moderately complex state”, while the micro-functional
domain independently breaches the severe alert threshold. This framework addresses the
perspective limitations of the traditional assessment of the heritage-surrounding environ-
ment; realizes the transformation from abstract spatial cognition to computable quantitative
models; and thereby provides scientific support for the collaborative protection path and
establishes a multimodal computational foundation for multi-dimensional micro-spatial
evaluation, providing heuristic guidance for micro-regeneration strategies.

Keywords: heritage-surrounding environment; spatial complexity; cross-modal deep
learning; shared latent space

1. Introduction

Urban cultural heritage serves as an important carrier of the historical fabric of his-
torical districts, representing the root and soul of the historical style of the districts, and
stimulates the vitality and innovation of historical district development [1]. Under the
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tide of globalization and rapid urbanization, historical architectural heritage and its sur-
rounding environment are facing unprecedented pressure. Therefore, the United Nations’
2030 Agenda for Sustainable Development” has clearly emphasized the need to strengthen
cultural heritage protection to enhance the inclusiveness and resilience of cities [2], and
the “Operational Guidelines for the Implementation of the World Heritage Convention”
also clearly state that protection should “go beyond the heritage itself and extend to the
buffer zone and the broader environment covering land use, spatial organization, and
social perception” [3]. This has prompted rescue restoration of heritage sites, gradually
expanding to the systematic maintenance of the overall environment on which heritage
sites depend [4]. In the practice of heritage protection around the world, the influence of
urban form evolution on the perception and functional order of the surrounding environ-
ment of heritage sites is a core and challenging issue. The heritage protection strategies in
George Town, Malaysia, and the revitalization of the Kesawan ancient district in Medan,
among other global initiatives, indicate that attention to and activation of the surrounding
environment of heritage sites have become core elements of cultural heritage protection
and urban management [5,6]. In reality, the heritage-surrounding environment faces a
dual dilemma: it is necessary to maintain the form control of the cultural heritage space
while also continuously upgrading the vitality of the urban district [7,8]. Therefore, how
to conduct multi-dimensional scientific cognition and explore micro-regeneration spatial
strategies for the heritage-surrounding environment has become a cutting-edge issue in the
fields of urban planning and heritage protection [9].

During the urban development process, the surrounding environment of heritage
exhibits high complexity. Regarding the spatial structure dimension, renowned architec-
tural scholar Laura Anna Pezzetti pointed out that the historical heritage environment is
a “Palimpsest” that combines an explicit physical interface and deep social norms [10].
This complex state essentially stems from the structural conflict between rigid policies and
spatial reality, and is prone to leading to the excessive pursuit of beautification and capital
accumulation while neglecting local needs during the development process [11]. Therefore,
this study proposes researching the complexity of the heritage-surrounding environment
by exploring three dimensions—physical form (space), functional attributes (characteris-
tics), and public perception (meaning)—when deconstructing the deep relationships of the
heritage-surrounding environment [12].

Current research has achieved significant results in the assessment of cultural her-
itage features and the exploration of its vitality. However, while several studies combine
street view imagery, POIs, and social media data, most existing approaches treat physical
form, functional attributes, and public perception as isolated parallel variables, prema-
turely compressing modalities into independent scalars and failing to capture cross-modal
misalignments and structural disparities at high-dimensional semantic levels [13,14]. Re-
garding the complex relationships between multiple elements in the dynamic evolution of
the heritage-surrounding environment, there is still a lack of refined assessment methods
that can align and deeply integrate multi-source data. With the cross-evolution of remote
sensing geoinformation technology and multimodal deep learning technology, collabora-
tive computing that integrates multi-source heterogeneous data such as images, texts, and
spatial coordinates has become increasingly mature, providing a new path for analyzing the
implicit correlations of multi-dimensional data and assessing spatial complexity [15-17].

Considering these challenges, and to address the scarcity of data samples at the micro-
scale of historical districts, this research introduces cross-modal deep learning technology,
based on SegFormer [18] and MacBERT [19], to construct a domain-adapted evaluation
prototype system that integrates deep pre-trained feature priors, cross-modal contrastive
alignment, and small-sample empirical Bayesian shrinkage calibration. Taking the Kaitong
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West Lane in Xi'an as the empirical object, the aim is to evaluate the multi-dimensional
complexity of the surrounding environment of heritage spaces. This research addresses the
following key issues:

1.  How to deconstruct the multi-dimensional complexity of the surrounding environ-
ment of a heritage space, and then construct an index system for evaluating the
complex state of the space.

2. How to fully explore and reasonably organize diverse heterogeneous data and further
integrate multimodal datasets into the model architecture.

3. How to convert multi-dimensional data features into computable quantitative in-
dices to form a cognitive method for evaluating the complexity of the surrounding
environment of a heritage space.

In conclusion, the purpose of this research is to assess and determine the complexity of
the heritage-surrounding environment in historical cities through multimodal deep learning
and dynamic threshold calibration technology. At the methodological level, this research
aims to build a multimodal feature fusion framework based on a shared latent space; achieve
cross-modal data alignment of physical form, functional characteristics, and social significance;
and rely on three-dimensional quantitative indices and dynamic calibration thresholds to
comprehensively judge the complex state of the heritage-surrounding environment. At
the practical application level, this research takes the Kaitong West Lane in Xi'an as the
empirical test platform for the construction and verification of this quantitative method,
aiming to translate the above empirical quantitative assessment results into targeted planning
implications for the micro-regeneration of the heritage-surrounding environment.

2. Literature Review
2.1. Theoretical Foundation

The Venice Charter defines historical monuments and explicitly emphasizes that
“the protection of historical monuments involves the protection of a certain scale of the
surrounding environment” [20]. In the Xi’an Declaration, the surrounding environment
of a heritage space is clearly defined as “the surrounding environment that is close to
the heritage entity and affects its significance, which not only covers the dimensions of
the entity and perspective, but also includes social practices, traditional customs, and
the actively developing cultural, social and economic atmosphere” [21]. Furthermore,
UNESCO’s “Recommendation on the Historic Urban Landscape” points out that historic
cities should be regarded as an overall layered network of cultural and natural values
across time and space, encompassing topography, geomorphology, the built environment,
spatial organization, and socio-cultural perception, among other multiple dimensions [22].
Following the academic research on the surrounding environment of heritage, Roger
Trancik revealed in his seminal book Finding Lost Space that the historical periphery area
is prone to physical form fractures and functional disorders during urban renewal [23], and
Kevin Lynch explained the construction mechanism of the spatial perception order and
collective meaning of a place in The Image of the City [24]. Laura Anna Pezzetti believes
that the essence of the historical built environment and its surrounding space comprises the
explicit physical layer superimposed by history and the potential structure and perception
intertwined. Studies in environmental psychology and cultural geography on place identity
jointly demonstrate that public cognition of historic district environments depends not
only on the integrity of physical interfaces, but even more on the resonance between spatial
functional use and collective narratives. Studies have shown that the cognition of the
surrounding environment of heritage needs to overcome one-dimensional thinking [25]
and conduct a comprehensive assessment from three dimensions: physical form (spatial
explicit texture), functional attributes (legal property constraints), and public perception
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(meaning perception structure). Thus, a profound understanding of the multi-layered
explicit and potential elements presented by the surrounding environment of heritage can
be achieved, and then respond to the increasing complexity and heterogeneity of space
presented in modern urban renewal evolution.

Spatial complexity is not merely synonymous with physical deterioration or functional
disorder; rather, it reflects an inherent neutral heterogeneity of elements within historical
districts that, when exacerbated by structural decoupling between institutional policies and
physical space, ultimately manifests as a complex state of physical decay and functional
conflict. This condition essentially stems from the systematic imbalance between policy
goals and the actual site in the surrounding environment of the heritage site [26]. As
shown in the logical framework in Figure 1, in the physical form dimension (A), the policy
control and engineering construction implemented by the government at the macro level
deviate from the actual needs of the public and social activities [27,28], resulting in the
fragmentation and disintegration of the physical interface of the heritage-surrounding
environment. In the functional attribute dimension (B), the government assigns a definite
legal land nature to the space through planning means, but the actual situation is caused by
the disorder of functional order triggered by meeting the needs of people’s livelihood ser-
vices or commercial capital operation [29,30], leading to a mismatch between the legal land
nature of the heritage-surrounding environment and the actual commercial and residential
attributes [31]. In the public perception dimension (C), the government formulates macro-
regional development goals through planning, but fails to deeply and effectively respond to
the collective memory and spatial cultural identity of the public [32,33], resulting in the drift
of public emotions and social exclusion. These conflicts and contradictions are not caused
by a single factor but are the result of the cumulative evolution of multiple-dimensional
elements, jointly constituting a dynamic complex space.

(A) The Physical Spatial Dimension

7@ —>ISpace management > The fracture i:ll'.ld fr.agmentatlon of the Real space —
4 physical interface
= 2
8 (B) Functional Attribute Dimension S
. w)
E o _| There is a deviation between the legally Functional and | —
) > Land use > . . . < I
defined land nature and its actual attributes operational formats
> =
= >
v—ct (C) Public Perception Dimension <
=9 Development The drift of public sentiment and social o
—> > !
— direction exclusion ! Public significance —

Figure 1. Diagram illustrating the contradiction and conflict between policy goals and the actual
situation.

In the face of such multi-dimensional complexity, recent research has shifted from
analyzing text or image dimensions to multimodal fusion [34]. Against this backdrop,
advances in multimodal representation learning theory [35,36] have driven the develop-
ment of cross-modal latent space alignment techniques, providing key methodological
support for dismantling the semantic barriers of multi-source heterogeneous urban data
and uncovering deep structural misalignments. For instance, Ai et al. constructed a spa-
tial-emotional-behavioral trinary matrix to analyze tourists’ perceptions and behaviors in
the historical center of Macau [37], Long et al. utilized social media check-ins and street
view images to precisely locate these hidden spaces with specific atmospheres through
cross-modal fusion [38], and Song et al. established a spatial index framework to exam-
ine the impact of various spatial environmental factors on the vitality of different spatial
units [39]. These studies collectively indicate that combining multi-source big data with
computer models can enhance the quantitative assessment of historical spatial environ-
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ments [40], providing in-depth exploration experience of the relationship between physical
form, functional attributes, and public perception.

2.2. Indicator Construction

Given that the use of multimodal deep representations to analyze micro-spatial com-
plexity remains in an exploratory stage without a universally standardized quantitative
mapping paradigm, this study proposes an integrated quantitative evaluation standard.
Grounded in classical urban spatial theory, it translates multi-dimensional contradictions
between policy objectives and actual spatial conditions into computable vector features and
couples them with deep learning algorithms, aiming to transform deep visual and textual
representations into an interpretable quantitative indicator system for spatial complexity
measurement, thereby providing an exploratory assessment of the complex state of the
surrounding environment of the heritage site. Taking Kaitong West Lane in Xi’an, China,
as a complete spatial analysis unit, a three-level evaluation index system consisting of the
spatial morphological index (SMI), functional attribute index (FAI), and public meaning
drift index (PMDI) was constructed (Table 1).

Table 1. Construction of a three-level index matrix for assessing the complexity of the surrounding

environment of the heritage site.

Primary . . . Comprehensive
Indicator Secondary Indicator Third-Level Indicator Model Usage Mapping Index
Morphological proxy (Dmorph)
Physical entity feature proxy Model: SegFormer
. o Planning objective constraints
112/(5 (ﬁggoi‘izl iiotntmulty and (Cplan) Mechanism: Based on street view
. . Y ntegrity Geometric deviation from the images and orthophoto satellite Spatial
Physical spatial ~ (evaluation of architectural . . . .
dimension texture and boundary legal red line images, pn.(el-level semantic Morphology
enclosure forms as well as Geometrical characteristic segmentatl(;n prscfhclgo(ril yalues Index (SMI)
similarity to legal planning) (Ggeom) are 'extr;laclte lan oh el L.nt(;
Multiview continuity (Veons) regional-level morphologica
Consistent characteristics of the representation vectors.
street-facing facade
System entropy value (Hent)
Degree of fragmentation of
business formats
Dominant functional gap (Ggom) Model: MacBERT
Degree of dislocation between  Decline in the control power of ’
;l;fu};lla;?eed land and the the function Mechanism: Convert the policy
Functional . Spatial conflict score (Sconf) text and POl into Functional
(evaluate the conflicts and P
attribute functional disorders between Different functional interface high-dimensional feature vectors Attribute Index
dimension the planned expectations and repulsion forces and calculate the cosine distance (FAI)
actual business /societal Text embedding drift term (Depyp) and dlstrlbutlon.dlvergence qf the
activities) Corresponding to policy semantic stl.'uclt'ured functional semantics
shift within the shared latent space.
Transition ratio (Rirans)
Smooth transition state between
different attribute boundaries
Model: MacBERT Public Meani
i ) Semantic drift item (Driftsem) ublic Veaning
Persistence of collective Substantial deviation from the Mechanism: By comparing Drift Index
Publi n}emo(;y a?d the dfgree of topic and the objective content statutory preservation planning EgMDI)f
ublic place displacemen . o . . roxy for
perception (evaluate the gap between the Emgtlonal distribution drift term Zi);tIZIW nlqt:dl;;?llfgé;) ?(t)ingi Zri}rl}é semantic drift in
dimension public’s actual experience in (Driftemo) | o spatial narrative

this area and its historical
context/planning direction)

Statistical distribution differences

model extracts contextual features

e . . leul and public
of multi-dimensional emotional and calculates cross-source .
. . . communicative
tendencies discursive and affective .
image)

divergence vectors.

The construction of this indicator system follows a strict logic of “theoretical

translation—parameter decomposition—-multimodal feature alignment”. From the three

https:/ /doi.org/10.3390/buildings16214330


https://doi.org/10.3390/buildings16214330

Buildings 2026, 16, 4330

6 of 28

dimensions of physical form, functional attributes, and public perception, three secondary
spatial phenomenon measurement indicators were selected, namely, form continuity and
boundary integrity, planning land use and actual site displacement, and the persistence of
collective memory and place drift. The selection of all underlying parameters is anchored
in classical spatial and sociological theories:

1. Physical spatial dimension (SMI sub-parameters): Morphological proxies (Dmorph)
and multi-view continuity (Vcons) draw upon classical urban morphology and
streetscape measurement theories [41-44] to quantify the physical enclosure and
facade degradation of architectural interfaces; planning objective constraints (Cplan)
and geometrical characteristics (Ggeom) Originate from space syntax and geometric
topology theories [45,46] to capture deviations between on-site conditions and statu-
tory red lines.

2. Functional attribute dimension (FAI sub-parameters): System entropy (Hent) directly
adopts the classical land-use mix entropy model [47,48]; dominant functional gap
(Gdom) and conflict score (Sconf) are grounded in functional diversity theory [49]
and urban vitality friction models [50]; transition ratio (Rrans) and text embedding
drift (Demp) reference studies on commercial gentrification and spatial functional
succession [51,52].

3. Public perception dimension (PMDI sub-parameters): Semantic drift (Driftsem) and
emotional distribution drift (Driftem) are anchored in place-perception mismatch
models from environmental cognition theories [53,54], specifically serving here as
quantitative proxies for the divergence between digital public communicative imagery
and historical narratives.

Subsequently, based on the SegFormer and MacBERT models, a large number of image
and text corpora were used for feature extraction, and then mapped to a shared latent
space. Through high-dimensional feature convergence and weighted fitting algorithms,
these cross-modal aligned features were normalized and folded. Finally, a comprehen-
sive diagnostic index consisting of the SMI (quantifying physical interface degradation),
FAI (quantifying micro-functional disorder), and PMDI (quantifying deviation in spatial
narrative and public communicative image) was output. To avoid the influence of data
volume errors, an adaptive calibration mechanism was introduced in the model. The
critical deviations of the SMI, FAI, and PMDI values for the entire region were numerically
calibrated. When sub-indices cross critical thresholds, the model effectively characterizes
the region as exhibiting complex states of physical interface damage, functional attribute
disorder, or disruptions in spatial communicative narratives.

3. Materials and Methods
3.1. Study Area

This study takes the Kaitong West Lane micro-corridor, located within the historical
urban district of the Ming City Wall in Xi’an (Figure 2b, which spans a total walled area
of 11.32 km?), as the empirical research object. This area retains a high-density traditional
urban layout and is located in a complex spatial structure influenced by the overlapping
of two heritage sites, namely, the Wolong Zen Temple and the Gao Peizhi’s Former Res-
idence (Figure 2c). This spatial superposition endows Kaitong West Lane with multiple
complexities regarding form evolution, functional order, and cultural perception. From the
perspective of socio-spatial evolution, sustained urban renewal and tourism development
across the historic city have led to significant outmigration of native residents, with daily
active populations heavily substituted by external low-income tenants, small street-level
commercial operators, and transient tourists. Consequently, the area concentrates com-
posite symptoms: the loss of indigenous social memory carriers, informal commercial
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encroachment, and architectural material aging. Such micro-evolutionary dilemmas are by
no means isolated anomalies, but common challenges universally faced across the Ming
City Wall district and high-density walled historic cities throughout China. Therefore, this
sample possesses high systemic representativeness and empirical deconstructive value for
micro-level socio-spatial evolution research.

-

v

Figure 2. Location of the historical area of Kaitong West Lane: (a) urban area of Xi’an City, Shaanxi
Province; (b) Xi’an Ming City Wall Protection Area; (c) site location and the influence area of
the heritage site.

3.2. Research Framework

This study has developed a multi-source data-driven, region-level “encoding—
alignment-decoding” paradigm-based multimodal quantitative methodology process.
Figure 3 shows that this quantitative logical framework is composed of four progressive
modules. In the input dimension module, the research constructs a multi-dimensional
layered structure covering space, features and meaning. Through two branches of visual
images and attribute and emotional texts, it integrates physical form, functional attributes
and public perception evaluations, forming a data-driven foundation based on multiple
sources. Second, in the cross-modal deep learning module, the architecture follows the
feature engineering paradigm. In the data-encoding stage, for a single continuous historical
street and alley space, the visual side uses SegFormer to extract the regional-level spatial
form proxy, while the text side uses MacBERT to encode the functional attributes and
structured features of public perception. In the feature alignment stage, a projection head
module is introduced to address cross-modal semantic differences and complete the deep
fusion of visual and text features. During the decoding stage, high-dimensional vector
processing and algorithm output mapping are carried out. In the Quantitative Scale & Judg-
ment module, based on the fused mapping features, the spatial morphology index (SMI),
functional attribute index (FAI) and public meaning drift index (PMDI) are quantitatively
calculated, followed by multi-dimensional index fusion. Finally, by integrating these three
indicators, a system is constructed to assess the complexity of the heritage-surrounding
environment, measure the heterogeneous representation of the spatial status, and provide
a basis for the activation and renewal of the heritage-surrounding environment.
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Figure 3. Multimodal quantitative logical framework for identifying the complexity of the surround-
ing environment of the heritage site.
3.3. Data Sources

To achieve a multi-dimensional analysis of the empirical objects, this study integrates
three types of heterogeneous data: physical spatial form data, site functional attribute data,
and spatial emotional evaluation data (Table 2).

Table 2. List of multimodal data collection and preprocessing for Kaitong West Lane.

Evaluation Dimension Data Classification Subdivide Data Names Data Sources

OpenStreetMap (OSM)
High-resolution web orthophoto remote

Geospatial base data sensing tiles (standard GeoTIFF,
Physical form dimension Physical spatial form Orthographic satellite image  resolution < 1.0 m, 2023)
data (RS) Baidu Map SVI historic district
Street view images (SVIs) benchmark acquisition archive

(continuous sampling based on 2018
temporal baseline)

2023 Gaode Open Platform Web Service
API (reclassified according to national

. . . . Interest point data (POI) land-use standards)
Functional attribute Site functional . . .
dimension attribute data Policy and planning Public s’fatutor.y plans from government
documents portals, including the “Sanxue Street

Historic and Cultural District
Conservation Plan (2021-2035)”, etc.
Xiaohongshu (150 posts), Weibo

Public perception Spatial emotional . . (11 posts); collection window from

dimension evaluation data Social media UGC corpus March 2023 to February 2026; strictly

desensitized and anonymized.

3.3.1. Physical Space Form Data

The physical spatial form data are responsible for constructing the spatial form struc-
ture of the research area, and they specifically include the following three categories:

1.  Geospatial base data: This includes the road grid, building outlines, building area, and
height of the historical West Lane district. The vector data of the roads is sourced from
OpenStreetMap, and the geographic coordinates have been uniformly converted.

2. Orthophoto satellite images (RS): Centered on the sampling origin of the street view
map, orthophoto satellite overhead views with the GeoTIFF spatial coordinate system
were acquired from high-resolution web orthophoto remote sensing tiles. This data
accurately represents the two-dimensional topological relationship of the perimeter
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walls, streets, and building outlines within the target area, and is used to extract
macroscopic connectivity and geometric closed boundaries.

Street view images (SVIs): To obtain the gradual variation characteristics of the physi-
cal walls of the historical district, this study conducted continuous sampling based
on Baidu Maps SVIs. Along the Kaitong West Lane, 73 initial sampling points were
set at nominal 5.0 m grid intervals in the EPSG:3857 projection (corresponding to
a 3.96 m mean ground step and a 285.4 m cumulative WGS84 trajectory along the
lane). Each sampling point was photographed from four directions (0°, 90°, 180°, and
270°), using a 22.5-degree tilt angle and a 90-degree field of view [55]. Based on engi-
neering metadata verification, street view images originate from the historic district
baseline acquisition archive (2018 temporal baseline). Kaitong West Lane is situated
within the core conservation scope of the ancient city’s historic and cultural district.
Multi-temporal satellite remote sensing comparisons (against July 2023 orthoimagery,
resolution < 1.0 m) and field audits confirmed that the building footprints, historical
courtyard walls, and enclosure patterns maintained high structural stability, with
physical facade transformation progressing extremely slowly; thus, the 2018 baseline
reliably reflects current physical boundaries. To ensure cross-modal spatial alignment
in deep learning, data cleaning was conducted based on three quality-inspection
criteria: severe occlusion of effective facade visibility, incomplete multi-view omnidi-
rectional sightlines, and statutory redline decoupling with multimodal misalignment.
Fifty-five invalid points were removed from the initial 73 points (specifically, 21 points
due to severe facade occlusion by temporary construction hoarding or parked vehicles,
19 points due to incomplete four-direction sightlines at narrow turns or dead-ends, and
15 points due to coordinate drift or statutory redline buffer decoupling), ultimately
retaining 18 high-quality spatial data nodes. Each node corresponds to four eye-level
street view images and one co-located orthophoto satellite tile, constructing a core
dataset of 90 images (18 groups X 5 images) to collaboratively extract facade materi-
als, vertical occlusion, and global topological information. This filtering prioritizes
unobstructed public street segments, ensuring a high signal-to-noise ratio and reliable
cross-modal spatial correspondence across the retained nodes.

3.3.2. Site Functional Attribute Data

The site functional attribute data is used to define the legal attributes and actual

functions of the space, and it includes the following two categories:

1.

Point of interest (POI) data: Derived from the Web service API of the Gaode Open
Platform in 2023, based on its six-digit coding system, POIs were reclassified into stan-
dard categories such as dining, retail, commercial/residential, historical/cultural, and
public services in accordance with national urban land-use classification standards,
while duplicate and defunct business locations were removed to extract verified classi-
fication codes and coordinates of core business formats. As for the GCJ-02 coordinate
system returned by the AP]I, this study uniformly converted it into the WGS-84 co-
ordinate system using ArcGIS Pro (version 3.0.2) to ensure the accuracy of spatial
mapping.

Policy and planning documents: Based on the government websites at all levels and
the public database of the planning bureau, the system collected the “Historic and
Cultural City Protection Plan”, “Urban Master Plan”, “Controlled Detailed Planning”,
and special planning for the protection of the purple line, as well as relevant docu-
ments for the protection of historical heritage buildings within the study area, such
as “Protection Plan for Sanxue Street Historical and Cultural District (2021-2035)”
and “Examination and Interpretation of Issues Related to the Wolong Temple Steles
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and Other Matters in Xi’an”. For the original archival data obtained (including web
announcement texts, PDF electronic documents, and scanned copies of early planning
drawings), a unified process of information extraction and structured representation
was performed, systematically extracting statutory land-use designations, plot ratios,
building height red lines, and preservation control requirements.

3.3.3. Spatial Emotional Evaluation Data

The spatial emotional evaluation data is designed to quantify the evolution of public
significance. Considering the ways in which the public participates in and evaluates the
spatial environment, this study takes social platforms with significant “lifestyle-sharing”
attributes (such as Xiaohongshu and Weibo) as the core data source.

1.  Social media user-generated content (UGC): Within the time frame from 10 March
2023 to 28 February 2026, using an automated Python (version 3.10) script, based on
location service (LBS) tags and multi-dimensional keywords (including official names,
common names, and iconic historical buildings), targeted public feedback data with
geographical markers were collected. The study pooled data across the cross-period
observation window from 10 March 2023 to 28 February 2026. Because Kaitong West
Lane is a secondary micro-alleyway under 300 m in length with low daily posting
volume, temporal stratification by quarter or month would result in extreme sample
sparsity and induce high-dimensional mathematical noise in deep Transformer em-
beddings. Pooling observations over this consolidated window ensures the necessary
semantic density and representation stability required for NLP modeling.

2. Text preprocessing and validation: To ensure the confidence level of the model input,
strict Python word segmentation cleaning, semantic relevance filtering, and verifica-
tion of the research area spatial boundaries were carried out on the original corpus.
After eliminating invalid interference, a total of 161 valid texts (including 150 text
records from Xiaohongshu and 11 posts from Weibo) were finally determined to enter
the subsequent deep learning model. Regarding data representativeness, social media
corpora predominantly reflect the real-time spatial experiences of digitally active
users and visitor cohorts. Therefore, this study explicitly focuses the measurement
scope of this dimension on public spatial perceptions and place cultural imagery
within digital communicative contexts, emphasizing the recognition expressed by
contemporary mobile populations toward heritage spaces as a dynamic complement
to physical morphological metrics. In terms of data compliance and privacy ethics,
the pre-processing pipeline thoroughly stripped user nicknames, numerical UIDs,
avatar URLs, and device identifiers, retaining solely anonymized text strings. Relying
on publicly available, non-interventional online corpora, the study complies with
relevant data privacy regulations and does not require formal ethical review under
Article 32 of the Measures for Ethical Review of Life Science and Medical Research
Involving Humans and the Measures for Academic Morality and Academic Ethics
Management of Xi’an University of Architecture and Technology.

3.4. Methodology

This study overcomes the limitations of traditional single-dimensional data or sub-
jective qualitative evaluation and constructs a multimodal feature fusion methodology
framework based on deep learning (Figure 4). This computational framework corresponds
to the following five progressive levels:

First, at the regional organization level (Figure 4a), the system integrates heteroge-
neous data from three dimensions: physical form (street scenes and orthophoto satellite
images), functional attributes (POI and policy texts), and public perception (public social
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media texts). Second, at the cross-modal shared encoding layer (Figure 4b), the framework
relies on the visual feature extraction network (SegFormer) and the natural language pro-
cessing model (MacBERT) to extract high-dimensional feature vectors for each modality
separately. Third, at the three-dimensional index construction layer (Figure 4c), based on
the fused features in the latent space, the spatial morphological index (SMI), functional
attribute index (FAI), and public meaning drift index (PMDI) are comprehensively deduced
and quantified as the three core evaluation parameters. Fourth, at the threshold calibra-
tion layer (Figure 4d), a third-order dynamic threshold calibration mechanism adapted to
the characteristics of a single region is introduced to establish the evaluation benchmark.
Finally, at the result output and application layer (Figure 4e), the comprehensive determi-
nation rules are relied upon to evaluate the spatial complexity of the heritage-surrounding
environment. The specific algorithm mechanisms and mathematical reasoning processes of
each level within the framework are detailed in the following text.
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Figure 4. Flowchart of the research design.

3.4.1. Encoding of Visual Features of Physical Form

This study employs the open-source pre-trained model SegFormer (nvidia/segformer-
b2-finetuned-cityscapes-1024-1024) as the spatial visual encoder. During feature extraction,
the encoder backbone parameters are kept strictly frozen (freeze_encoder=True) to pre-
vent catastrophic overfitting on the micro-corridor small sample (18 points). Specifically,
orthophoto satellite tiles provide macro two-dimensional topology and the closure logic of
physical building boundaries, whereas panoramic street view images capture architectural
facade materials, height ratios, and visual occlusion characteristics. After multi-view im-
ages are input into SegFormer, the system extracts 19-class pixel-level semantic logits under
the Cityscapes benchmark. These logits are aggregated through a predefined label_groups
semantic aggregation layer into six macro-structural feature groups (road surface, build-
ing enclosure, vegetation, sky openness, vehicular traffic, and pedestrian interface) and
input into the SMI component, achieving a robust quantitative characterization of the
micro-corridor physical interface.
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3.4.2. Textual Semantic Reconstruction of Functional Attributes

Regarding the acquired multi-dimensional spatial attribute texts, this study first
integrates and restructures GIS attributes, POI information, and the specific legal control
requirements of the heritage environment into a structured spatial description text. The text
branch employs the pre-trained checkpoint hfl/chinese-macbert-base (12-layer Transformer,
hidden dimension 768), with its backbone parameters kept frozen (freeze_encoder=True).
After tokenizing the text, it is input into the model, relying on the multi-layer self-attention
mechanism to sensitively capture the semantic dependencies and correlation weights
between the spatial attribute tokens. Finally, regional-level sentence representations are
aggregated via mean pooling to output a 768-dimensional spatial attribute embedding,
constructing an Identity Profile that characterizes the comprehensive attributes of the
spatial slice.

3.4.3. Perceived Text and Meaning Drift Quantification

To quantify the cognitive divergence between institutional planning expectations and
public communicative imagery, this study employs the pre-trained checkpoint hfl/chinese-
macbert-base (with frozen backbone parameters) to collaboratively represent contemporary
social media UGC and statutory preservation texts. The framework constructs dual joint
measures: first, computing the semantic embedding drift (Driftsem) between the two text
populations in the shared latent space; second, attaching a lightweight linear classification
head (768 — 3: negative, neutral, and positive) to the backbone to extract coarse affective
polarities via weak supervision on local annotated UGC, thereby calculating the emotional
distribution divergence (Driftemo). To bridge the stylistic gap between statutory planning
documents and colloquial social media posts, the PMDI is formulated as a cross-source
semantic alignment metric, quantifying the thematic and affective divergence between
top-down conservation expectations and bottom-up public imagery.

3.4.4. Multimodal Alignment and Decoding Mechanism Based on Shared Latent Space

The traditional early or late fusion strategies often encounter difficulties in feature
alignment and information loss when dealing with cross-domain data with significant
view differences [56]. To overcome this limitation, this study constructed a shared latent
space feature alignment module and strictly followed the “encoding-alignment-decoding”
standard paradigm to complete unified modeling.

During the encoding stage, the system utilizes the aforementioned frozen dedicated
encoders to extract high-dimensional visual and textual representations. In the alignment
stage, to bridge the heterogeneous gap between visual logits and textual 768-dimensional
embeddings, the system constructs non-linear projection heads (two-layer MLPs) to project
dual-modal features into a unified shared latent space, strictly enforcing ¢,-norm normal-
ization onto a unit hypersphere (z;, zr € S*°). Cross-modal representation alignment is
driven by a temperature-scaled (T = 0.07) symmetric InfoNCE contrastive loss Lalign:

Lo =~ 3 1o ) 0 epl )/
align 2B = & B ex (Z(i) -z(j)/r) ) 5 exp( 0,0,
- j=1 XPLEL AT jo1€xp(zy’ -2/ T)

1)

where positive pairs are defined as co-located image—-text embeddings from the same
spatial slice node, while negative pairs consist of in-batch non-co-located nodes (op-
erating on two primary sub-region views in the training split with a batch size of
B = 2 positive pairs per step). Both foundational backbones (SegFormer-B2 and
MacBERT-base) remain fully frozen (freeze_encoder=True); gradient updates optimize
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the lightweight task-specific layers, including the dual-branch projection heads (Proj;
and Projr), the SegFormer lightweight decode aggregation head, and the linear sen-
timent head (768 — 3). Model architecture configurations (configs/base.yaml and
configs/kaitong_west_lane_single_region.yaml) and execution scripts are available
from the corresponding author upon reasonable request. In the decoding stage, the fused
high-dimensional representations are analyzed and mapped to specific quantitative eval-
uation tasks, thereby outputting various spatial and semantic indices that support the
measurement framework.

In the shared latent space, this study not only achieved the mathematical alignment
of the underlying data features but also fundamentally constructed a multi-dimensional
spatial topological structure that represents the urban spatial form, functional attributes,
and public perception. In an ideal urban vitality space, these three modalities of representa-
tion should be highly matched, and in the potential space, this is manifested as the high
convergence of the three sets of feature vectors in geometric distance. Conversely, when
phenomena such as rough demolition and construction, management deficiencies caused
by property disputes, or excessive commercialization occur in urban construction, the
representation vectors will deviate sharply and mutually repel. The mathematical distance
between different modal vectors corresponds to the quantitative projection of the perceptual
gap and spatial positioning imbalance of spatial elements in the real world. This deviation
of features constitutes the mathematical origin for this study to decode downward and
generate complex state assessment indicators of the multi-dimensional space.

3.4.5. Mathematical Derivation of the Evaluation Index System for the Complexity of the
Surrounding Environment of the Heritage

Based on the deviation degree and geometric distribution law of multimodal feature
vectors in the shared latent space, this study converts the complex spatial evolution and
boundary ablation features into computable quantitative indicators. This process systemat-
ically reconstructs the abstract dimensions in traditional urban planning theory, completes
the engineering transformation of deep learning, and finally constructs a comprehensive
evaluation matrix consisting of three core indicators: the spatial morphological index
(SMI), the functional attribute index (FAI), and the public meaning drift index (PMDI). The
mathematical definitions and calculation models of the specific indicators are as follows:

Spatial Morphology Index (SMI)

The spatial morphology index (SMI), as a crucial anchor indicator in the assessment
system, quantitatively measures the divergence between physical reality and statutory
preservation planning goals. Mathematically, its computational model adopts a hierarchical
mapping architecture: across street and satellite views, underlying sensitivity features
are mapped into four macro-spatial dimensions, namely morphological physical proxies
(Dmorph/ street enclosure 1.2, vegetation 1.1, road 1.0, mobility 1.1, sky 0.8, pedestrian 0.8,
plus satellite proxies 4.45; sum = 10.45), planning objective constraints (Cpjan, statutory
redline and target deviations; sum = 13.55), geometrical characteristics (Ggeom, directional
geometry; weight = 1.00), and multi-view continuity (Vcons, street 1.10, satellite 0.80, cross-
view 1.00; sum = 2.90); underlying absolute deviations are then weighted and normalized
within [0, 1]:

SMI = w1 - Dinorph + w2 * Cplan + w3 - Ggeom + W4 * Veons 2)

where the normalized macro-weights derived from the multi-view component weight sums
(total denominator = 27.90) are wy = 0.3746 (Dmorph), w2 = 0.4857 (Cpjan), w3 = 0.0358
(Ggeom), and wy = 0.1039 (Vcons), strictly satisfying Z;le wy = 1.0000. As the SMI value
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approaches 1, the mismatch in physical spatial form and facade fragmentation becomes
more severe.

Functional Attribute Index (FAI)

To precisely measure micro-spatial attribute conflicts caused by commercial mixture
and functional friction, this study constructs a two-stage hierarchical formulation for the
functional attribute index (FAI):

Stage 1: Synthesizing the functional disorder metadata composite score (FAlmeta)
based on spatial attribute metadata with fixed weights:

FAlmeta = 0~24Hfunc + 0lOFIinter + 0.08 Hstruct + O12Gfunc7dom + 0'06Ginter7dom
Hent (0.42) Gdom (0'18)
+ 0'128C0nf_pair + 0-06Ttension + 0-12Rmix + 0-10Rtrans

Sconf (0.18) Rirans_macro (0.22)

where the nine baseline metadata weights sum to 1.000. To align with the five macro-
components in Table 1, these nine sub-indicators structurally aggregate into four metadata
macro-groups: system entropy (Hent, combined weight 0.42), functional dominance gap (Ggom,
0.18), spatial conflict (Scon¢, 0.18), and transition ratio (Rirans macro, 0-22).

Stage 2: Second-order linear fusion of the attribute metadata score with the fine-tuned
text embedding drift (Depyp) from the latent space at a 9:1 ratio:

FAI = 0.90 - FALmeta -+ 0.10 - Doy (4)

Here, the weighting coefficients serve as fixed prior parameters; what varies across
evaluation batches (R1-R4) is the relative empirical contribution percentage of each compo-
nent to the total score according to local feature intensity.

Public Meaning Drift Index (PMDI)

The public meaning drift index (PMDI) is also a key anchor indicator in the assessment
system, used to quantitatively evaluate the cognitive gap between the top-down initial spa-
tial narrative and the bottom-up public real emotions. This study abandons the traditional
single emotion scalar subtraction method, relying on the shared text encoder (MacBERT) to
jointly extract the high-dimensional semantic and affective features from both social media
UGC and statutory planning texts; its composite measurement model is defined as

PMDI = w; - Driftsem + @ - Driftemo (5)

Here, Drifteer, and Drifteno denote semantic and affective drift, with Y_w; = 1.0.
Specifically, the model configuration assigns a dominant weight of 70% (w, = 0.70) to
the emotional distribution drift term and a secondary weight of 30% (w; = 0.30) to the
semantic embedding drift term, highlighting the acute sensitivity of immediate social media
sentiment to spatial evolution while normalizing the final PMDI into the [0, 1] interval.
The closer the PMDI score is to 1, the more intense the semantic deviation and emotional
discontinuity between the current public’s real experience and the spatial expectation,
and the more significant the complexity and heterogeneity of the space at the sociological
cognitive level.

High-Dimensional Alignment Difference (Alignment Gap)

The high-dimensional alignment difference degree, as an auxiliary monitoring and
quality control indicator for the system, is used to evaluate the convergence stability of
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the feature fusion of multimodal data in the shared latent space. This indicator provides
a fundamental measurement basis for the model’s confidence under extremely hetero-
geneous data and is used to ensure the robustness and reliability of the comprehensive
evaluation system.

3.4.6. Ontological Definition of the Threshold for Spatial Complexity Determination

Based on the acquisition of high-dimensional continuous feature vectors and deviation
indicators, this study converts the output of deep learning into interpretable urban spatial
assessment conclusions through the setting of thresholds. This threshold classification
mechanism is specifically tailored for studies with high complexity and strong hetero-
geneity, and where a single spatial area (such as a single historical street) is used as the
verification object. Relying on the three dimensions of spatial form, functional attributes,
and public significance, this study divides the regional spatial state into the following
four levels:

1.  Severe complexity state: The surrounding environment of the heritage site has largely
stripped away its original historical and planning positioning. The physical form has
been completely fragmented, and there is a significant disconnection between public
semantics and place memory.

2. Moderate complexity state: The surrounding environment of the heritage site has
undergone substantial damage and imbalance, with significant architectural environ-
ment dislocation or functional interface conflicts.

3. Mild complexity state: The surrounding environment of the heritage site shows signs
of initial decline and heterogeneity, and preventive intervention at the planning level
needs to be introduced.

4. No complexity state (none): The spatial form and functional order of the study area
remain in good condition, and none of the indicators have reached the lower limit
of the complexity threshold, demonstrating a high degree of structural convergence
and continuity.

3.4.7. Model-Adaptive Third-Order Calibration Mechanism

In traditional morphological quantitative research, the thresholds are often derived
from static constants preset by scholars based on subjective experience. However, this fixed
threshold is prone to overfitting or large-scale misjudgments of the model when dealing
with complex real urban multimodal big data due to the influence of experiential bias.
Therefore, this study has developed a “third-order adaptive calibration mechanism” based
on the actual distribution of data. This mechanism starts from the basic configuration
values; undergoes distribution extraction, statistical contraction, and label guidance; and
finally generates a calibration threshold adapted to the local sample distribution.

Phase 1—Quantile Distribution Estimation Calibration

When the training sample size of the system is sufficient (satisfying the condition
n > 10 aggregated regional evaluation units), the quantile extraction technique is given
priority. Statistical and large-scale urban analysis studies have shown that determining
the threshold based on the distribution of the data itself offers greater objectivity than
subjective presetting. The model directly extracts quantile points from the probability den-
sity distribution of the indicators of the large sample to anchor thresholds: by default, the
mild, moderate, and severe complexity grades conventionally correspond to the 50th, 70th,
and 85th percentiles of the probability density distribution, respectively. This mechanism
ensures consistency between the threshold and the macroscopic spatial characteristics of
the city.
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Phase 2—Small-Sample Resampling Heuristic Linear Shrinkage

To overcome sample sparsity when conducting in-depth analysis on a single micro-
corridor in Kaitong West Lane, the calibration mechanism incorporates a heuristic linear
shrinkage formulation inspired by empirical Bayes principles. The algorithm performs
256 random resamplings with replacement on the limited local dataset to estimate the local
empirical distribution, applying an explicit linear shrinkage formula for smoothing:

Tshrinkage = 0.65 - Tqefauit +0.35 - Tbootstrap (6)

where the global baseline prior Tgegur = [0.200,0.350,0.500] originates from munic-
ipal planning control baselines ([0.250,0.400,0.550] for Alignment Gap). Across the
two-view training calibration split (1 = 2 < min_samples = 10), local bootstrap es-
timates evaluated from the final trained model are Tyootstrap = [0.1944,0.1974,0.1996]
for the SMI, [0.0850,0.0851, 0.0853] for the PMDI, and [0.7295,0.7295,0.7296] for the FAI
(Toootstrap = [0.9185,0.9191,0.9196] for Alignment Gap). The FAI reaches 0.7295 in this
training partition because the two slices sample commercial intersection nodes with higher
FAlmeta- Recomputing Thootstrap directly across the four corridor-wide evaluation views
(R1-R4) yields FAI cutoffs of 0.351/0.448/0.546, which leaves all complexity classifications
unchanged. Because the two calibration views belong to the same 285.4 m corridor with
minimal internal variance, Tpootstrap Serves as a local magnitude anchor, while inter-grade
intervals are governed by the 65% municipal prior Tyefayit-

Phase 3—Label-Guided Grid Search Scaling

On top of statistical shrinkage, the algorithm searches through candidate scaling
factor matrices to find the multiplier that achieves optimal consistency with expert reg-
ulatory benchmark labels. The benchmark regulatory labels were established by three
urban heritage conservation researchers through field audits against the Sanxue Street
Historic District Conservation Plan (2021-2035), with all three evaluators agreeing on both
calibration views. The resulting cutoffs in Table 3 are qualified as within-case calibrated
thresholds tailored to Kaitong West Lane. In the Kaitong West Lane empirical test, the
optimal scaling factors converged to

Tﬁnal_anchor =0.55- Tshrinkage (for SMI and PMDI) (7)
Tfinal_fai =1.00- Tshrinkage (for FAI) 8)

Multiplying the core anchor thresholds (SMI and PMDI) by 0.55 proportionally lowers the
threshold barriers for complexity determination. This operation heightens the model’s sen-
sitivity to physical fabric degradation and cultural narrative rupture without suppressing
the functional disorder score (FAI).

After the three-stage calibration of “quantile extraction-Bootstrap shrinkage-label
scaling”, this study generated the final operational threshold matrix presented in Table 3,
accompanied by 95% confidence intervals derived from 256 Bootstrap resamplings across
the 18 spatial nodes and 161 UGC text records. Because the cutoffs in Table 3 are case-
specific empirical benchmarks tailored to the local spatial features and sample distribution
of Kaitong West Lane, applying the framework to other historical districts requires re-
running the three-stage calibration pipeline on local multi-source data. These calibrated
parameters provide an operational benchmark for evaluating the spatial complexity state
of the target street (Figure 5).
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Table 3. Threshold calibration results of the spatial complexity assessment indicators for Kaitong

West Lane.
Core AS.S essment Indicator Light (Mild Threshold) Moderate (Moderate Severe (Severe Threshold)
Categories Threshold)
Spatial Morphology Index (SMI) 0.109 0.163 0.217

(Dominant Anchoring Indicator)

[95% CI: 0.098-0.121]

[95% CI: 0.151-0.176]

[95% CI: 0.203-0.232]

Public Meaning Drift Index
(PMDI)

(Dominant Anchoring Indicator)

0.088
[95% CI: 0.079-0.097]

0.142
[95% CI: 0.131-0.153]

0.195
[95% CI: 0.182-0.209]

Functional Attribute Index (FAI)
(Auxiliary Supporting Indicator)

0.385
[95% CI: 0.362-0.409]

0.483
[95% CI: 0.458-0.508]

0.580
[95% CT: 0.553-0.608]

Alignment Difference Degree *
(Auxiliary Monitoring

0.266
[95% CI: 0.245-0.288]

0.320
[95% CI: 0.298-0.342]

0.374
[95% CI: 0.350-0.398]

Parameter)

Note: * The high-dimensional alignment difference degree is merely a parameter at the underlying
algorithmic level for monitoring the stability of multimodal feature fusion, and does not directly
participate in the dimensionality reduction and determination rules of the spatial complexity hierarchy.
Thresholds in Equations (6)—(8) are computed in full floating-point precision before final round-half-
to-even rounding to three decimal places (for PMDI moderate, 0.55 x 0.257301 = 0.141516 rounds to
0.142; using 0.141 leaves all classifications unchanged).

0.6 | 0.580

&
n

0.483

0.4 0.385

0.217
0.195

&
)

0.163

Indicator calculation value

&
—

0.0
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Figure 5. Threshold banding of multi-dimensional evaluation indicators based on the third-order
adaptive calibration mechanism and mapping to measured values.
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4. Results
4.1. Experimental Workflow and Unified Threshold Mapping

In this stage of the experiment, the West Lane section was regarded as a complete
and inseparable spatial assessment unit. During the data-preprocessing stage, this study
conducted strict noise removal and spatial coordinate alignment on 73 original sampling
points within the area, ultimately selecting 18 core verification points and the corresponding
90 valid street-side SVI sequences, forming a standardized visual assessment dataset. To
support the subsequent Bootstrap validation mechanism, the above core points and their
associated text and POI data were integrated as a unified overall dataset into the computing
framework. At the same time, the study simultaneously retrieved high-resolution satellite
images with high spatial matching to the core points, as well as structured public sentiment
text data extracted and cleaned from social media open interfaces.

After completing the cross-modal alignment training, the multi-source heterogeneous
dataset was input into the shared latent space alignment module. The model moved beyond
the traditional single reliance on the vector inner product and norm distance measure-
ment, conducting multi-dimensional composite feature analysis on the feature vectors of
each dimension of the street. Through calculation, the model outputted three core indices
quantifying the current spatial evolution state of the historical street area: the spatial mor-
phological index (SMI), the functional attribute index (FAI), and the public meaning drift
index (PMDI). Subsequently, the model compared and mapped these dynamic continuous
values with the unique effective threshold matrix generated through third-order adaptive
calibration (Table 3).

4.2. Evaluation of Computational Results Based on Conservative Decision Rules

In the quantitative comparison and hierarchical synthesis stages, to verify the internal
stability of evaluating the entire street and alley as an integrated dataset, the system
conducted multiple rounds of sampling calculations on this unified dataset. The single-
region data loader designated four sub-region Bootstrap resampling evaluation batches
(views R1 to R4 in Figure 6) to examine whether the indicators across all dimensions stably
cross or remain constrained beneath specific threshold boundaries across batches.

Computational evaluations across the four sub-region bootstrap evaluation views
(R1 to R4 in Figure 6, constructed as within-corridor views rather than independent vali-
dation to describe within-sample variation across spatial slices) demonstrate low within-
sample dispersion:

1.  Spatial morphology index (SMI): The mean value is 0.185 &£ 0.008 (ranging between
0.176 and 0.195; this narrow dispersion reflects the high spatial compactness and
architectural homogeneity of the street-facing interface along this micro-corridor of
under 300 m). Across all batches, it stably falls between the moderate threshold (0.163)
and severe threshold (0.217), with its rating converging to a moderate complexity
state (Moderate).

2. Functional attribute index (FAI): The mean value is 0.630 £ 0.011 (ranging between
0.615 and 0.642). Across all batches, it exceeds the severe warning threshold of 0.580,
exhibiting a severe complexity state (Severe).

3. Public meaning drift index (PMDI): The mean value is 0.085 & 0.001 (ranging between
0.083 and 0.086). While remaining below the mild threshold point estimate (0.088),
this range falls within its 95% bootstrap confidence interval ([0.079, 0.097]); hence, it is
conservatively qualified as a “None/Borderline Mild” complexity state.

4. Auxiliary monitoring parameter (Cross-modal Alignment Gap): The mean value is
0.300 + 0.012.
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Figure 6. Trend chart of multi-dimensional complexity indicators (SMI, FAI, PMDI) for the entire

section of Kaitong West Lane calculation.

According to the comprehensive judgment logic, because the spatial morphological
index (SMI) and the public meaning drift index (PMDI) both belong to the core anchor-
ing indicators with key decision-making authority, their relatively moderate numerical

performance effectively balanced the extreme deviation effect of the functional attribute

index (FAI). This allows the overall assessment of Kaitong West Lane to converge toward a

“moderate complexity state” under the conservative decision rule (Table 4).

Table 4. Calculation values and judgment mapping matrix of the comprehensive multi-dimensional

complexity indicators for the Kaitong West Lane Project.

Evaluation Index

System Extraction and Performance Calculation

Result Feedback of
the Comparison and
Calibration Value
Matrix

Indicator Positioning
in the Comprehensive
Determination Rules

The visual features exhibit a certain degree of
enclosure and disorder, deviating from the

Spatial Morphology expectations of the “historical walkway” as stipulated Efsglgrgioiézsﬁz d Anchor indicator 1:
Index (SMI) in the legal plan regarding physical form. The limit classified as Moderate

deviation value (0.176-0.195) has exceeded 0.163 *,

without reaching the Severe limit.

The social text data and statutory preservation plans

maintain relatively high thematic consistency . o o .
Public Meaning regarding core historical landmarks (such as Wolong :}Y;tﬁﬁ(;};i?:sﬁo(lz; of ﬁzssl'ilgzénaclgcator =
Drift Index (PMDI)  Zen Temple), exhibiting low online discursive drift. (0.088) None,/Borderline Mild

The calculated values remain stable within the range of '

0.083 to 0.086.

The underlying business types are randomly

distributed, lacking a dominant function. The Auxiliary supportin
Functional Attribute  information entropy has sharply increased, presenting  Break through the y supp &

Index (FAI)

an extremely fragmented state. Its calculated values
reach 0.615-0.642, significantly breaching the severe
threshold of 0.580.

severe threshold limit

indicator: classified as
Severe

Note: * The 0.163 figure in the table represents the standardized moderate threshold value of the SMI,

as determined in Table 3.
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Final Grade Synthesis Calculation

The empirical data of Kaitong West Lane indicate spatial non-equilibrium character-
istics: physical interface degradation exhibits moderate deviation (SMI: 0.185, Moderate
complexity), and micro-functional order and the commercial ecosystem display severe
disorder (FAI: 0.630, Severe complexity, breaching the 0.580 critical threshold), whereas
cultural imagery and emotional resonance within public cognition and evaluation show low
discursive drift (PMDI: 0.085, None/Borderline Mild). In the hierarchical synthesis stage,
the final comprehensive conclusion is highly contingent upon the choice of decision rules:
under a worst-case rule (where a severe level in any single dimension determines an overall
severe rating), the street would be designated as “severe complexity”, highlighting the
acute threat of commercial encroachment; conversely, under the dual-anchor conservative
rule adopted here, the relative resilience of the two anchor indicators representing fabric
ontology and cultural continuity (SMI and PMDI) counterbalances the extreme deviation
of the functional dimension, allowing the overall assessment of Kaitong West Lane to
converge to a “moderate complexity state (Moderate)”. Presenting both decision rules
alongside the dimension-specific scores highlights this multi-dimensional non-equilibrium
pattern without obscuring localized functional disorder (Table 5). In this ablation, the
unaligned baseline uses the same inputs, R1-R4 views, encoders, heads, and Table 3 cutoffs
as the proposed pipeline with only £};s, disabled; removing alignment increases Driftsem
and moves PMDI into the Moderate tier (0.158) without altering the overall rating under
either decision rule.

Table 5. Ablation comparison of cross-modal contrastive alignment, threshold calibration schemes,
and decision rules.

Overall Grade

SMI Score and FAI Score and PMDI Score and

oo . . . . . )
Pipeline/Calibration Variant Grade Grade Grade Alignment Gap (Worst-Case vs.
Dual-Anchor)

1. Unaligned Late Fusion

. . 0.185 £ 0.008 0.652 +0.015 0.158 £ 0.014 Worst-Case: Severe
(CII\IIE)}EE)ONCE alignment; calibrated (Moderate) (Severe) (Moderate) 0.542+0.028 Dual-Anchor: Moderate
2. Aligned + Fixed Default Cutoffs 0.185 4 0.008 0.630 +0.011 0.085 4 0.001 0.300 & 0.012 Worst-Case: Severe
(Tgefautt = [0.200,0.350, 0.500]) (None < 0.200) (Severe > 0.500) (None < 0.200) ’ ’ Dual-Anchor: None
3. Aligned + Phase 2 Shrinkage 0.185 %+ 0.008 0.630 4 0.011 0.085 +0.001 0300 + 0.012 Worst-Case: Severe
(Tshrinkage Without 0.55 scaling) (None < 0.198) (Severe > 0.580) (None < 0.160) ’ ’ Dual-Anchor: None
4. Proposed Full Pipeline 0.185 = 0.008 0.630 £ 0.011 0085 = 0.001 Worst-Case: Severe
(Aligned + Within-Case Calibrated Mod (None/Borderline 0.300 + 0.012 Dual-Anchor- d
Cutoffs) (Moderate) (Severe) Mild) ual-Anchor: Moderate

Note: * Alignment Gap serves strictly as an underlying algorithmic diagnostic monitoring cross-
modal feature convergence, rather than a spatial complexity grading dimension.

4.3. Spatial Multi-Dimensional Analysis of Experimental Computational Results and Their
Underlying Evolution Mechanisms

Through shared latent space multimodal fusion and threshold calibration, this study
characterizes the complexity state of Kaitong West Lane across alternative decision rules
(severe alert under the worst-case rule vs. moderate complexity under the dual-anchor rule).
This determination is not an isolated algorithmic mapping, but a systematic representation
of the non-equilibrium state of its urban morphological evolution and attribute character-
istics. Based on the above multi-dimensional evaluation framework, the heterogeneous
output of each sub-indicator characterizes the underlying spatial evolutionary dynamics
and causes of structural planning misalignment within this historic district.

First, at the level of deviation between physical form evolution and interface continuity,
the moderate deviation of the spatial morphology index (SMI) reflects the complex state
of the material interface. Through the feature extraction of shared latent space, the model
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sensitively captured the local physical barriers of the historical walkway at the macroscopic
topology and microscopic facade scales—such as discontinuous hard interfaces, cut-off
sight corridors, and locally degraded and deformed building facades. These physical entity
states are significantly out of alignment with the positioning of the cultural continuum in
the protection policy. To further dissect the specific driving contributions of individual
sub-parameters to spatial morphological dislocation, Figure 7 illustrates the contribution
weight breakdown of SMI constituent components across four Bootstrap resampling eval-
uation batches (R1 to R4). The component contribution percentage possesses an explicit
mathematical definition, representing the empirical relative proportion of each weighted
indicator component relative to the total composite index score:

Contribution; = A;"lcifk x 100% )
it wj- fj

where wy, and f; denote the preset weighting coefficient and the unclipped macro-group
feature intensity of the k-th component, respectively, with the sum of all components in
each evaluation batch (column) normalized to 100%. This heatmap provides macro-level
planning interpretability, elucidating the primary driving causes of spatial disharmony.

Component R1 R2 R3 R4

Planning objective

5 52.8% 48.2% 45.5% 55.6%
constraints

Morphological proxy 252%  225%  30.1%  20.8%

Multiview Continuity 10.5% 13.2% 14.2% 11.1%

Geometric characteristics
of the point location

10.2% 55.6%

Figure 7. Heatmap of the contribution degree of the components of the spatial morphological
index (SMI).

11.5% 16.1% 10.2% 12.5%

Computational statistics indicate (Figure 7) that the planning target redline constraint
deviation achieves a contribution rate as high as 45.5-55.6% across batches (averaging
50.5%), which, together with morphological physical proxies (contributing 20.8-30.1%,
averaging 24.7%), constitutes the decisive dominant driver of SMI divergence (jointly
accounting for over 75%); in contrast, the contributions of multi-view facade continuity and
point geometric characteristics are relatively moderate (each accounting for approximately
12%). This empirical evidence confirms that physical degradation in Kaitong West Lane
essentially stems from localized encroachments of street-facing building facades beyond
statutory preservation redlines, as well as informal additions disrupting the traditional
street aspect ratio and enclosure, which is reflected in the moderate SMI rating.

Second, at the level of spatial attribute and functional decline, the severe deviation
(Severe) of the functional attribute index (FAI) characterizes the disorder of public space.
High information entropy and high conflict scores at the algorithmic level mean that
the model cannot identify a dominant planning functional cluster in the region. When
mapped onto the built environment, this manifests as the spontaneous encroachment of
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recyclable waste collection, scattered storage, and disordered street vendors on neighbor-
hood spaces. Figure 8 illustrates the FAI component decomposition heatmap output based
on the identical contribution calculation formulation.

Component

Dominant functional gap -

Space conflict score

System entropy value

Transition ratio 12.1% 10.8% 11.2% 10.9%

Text embedding drift 4.1% 3.5% 3.0% 3.8%
3.0% T 32.1%

Figure 8. Heatmap of components’ contributions to the functional attribute index (FAI).

Computational results indicate (Figure 8) that system entropy (System entropy value,
averaging 29.2%), spatial conflict score (Space conflict score, averaging 28.3%), and dom-
inant functional gap (Dominant functional gap, averaging 27.7%)—the three primary
disorder drivers—collectively account for as much as 85.2% of the contributions to the
FAI, constituting the fundamental driving forces behind spatial attribute ambiguity and
functional mixture; in contrast, the impacts of the spatial transition ratio (averaging 11.3%)
and text embedding drift (averaging 3.6%) are relatively moderate. This chaotic mixture
of commercial activities lacking a dominant order severely dilutes the localized place
attributes of the historical district, marginalizing and obscuring its standing within the
ancient city’s overall cognitive landscape and gradually turning it into a passive functional
blind spot devoid of cohesion.

Finally, at the level of social significance and emotional connection, the empirical
data reveal discursive characteristics that are decoupled from the physical built environ-
ment. Across evaluation batches, the public meaning drift index (PMDI) remains stable at
0.083-0.086 (mean 0.085 £ 0.001). Although this falls slightly below the mild threshold point
estimate (0.088), it lies squarely within its 95% bootstrap confidence interval ([0.079,0.097);
hence, the PMDI is conservatively qualified as a “None/Borderline Mild” state (low dis-
cursive drift). This indicates that statutory preservation decrees and online public texts
maintain relatively high thematic consistency regarding core historical landmarks (such as
Wolong Zen Temple).

Because social media UGC predominantly reflects younger transient visitors rather
than indigenous residents, the research team conducted supplementary contextual field
consultations in October 2026 (15-25 min semi-structured street-intercept conversations
with 12 long-term participants—seven elderly residents aged 55-78 and five veteran
shopkeepers—analyzed via thematic clustering of anonymized notes). Interviewees’ recog-
nition of the Wolong Temple axis and complaints over sidewalk encroachments paralleled
the low online drift (0.085) and severe FAI disorder (0.630; e.g., Shopkeeper #3 noted “out-
door tables block wheelchairs”), whereas elderly residents noted neighborhood memory
dilution as tourist eateries replaced local repair and grocery stalls (Resident #4: “everyday
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neighborhood warmth has faded”). Thus, online visitor discourse captures landmark
persistence but may overlook micro-scale community memory dilution.

In the hierarchical synthesis stage, the multi-dimensional complexity determination
reflects a pronounced non-equilibrium reality depending on the chosen decision rule: under
the worst-case rule, the extreme degradation of the commercial interface directly triggers
a “Severe Complexity” alert (governed by FAI = 0.630 > 0.580), ensuring that localized
functional crises are not obscured; conversely, under the dual-anchor conservative rule,
the stability of physical interface fabric (SMI = 0.185) and cultural landmark narrative
(PMDI = 0.085) guides the overall district to converge toward a “Moderate Complexity”
state. This stepwise reporting explicitly highlights that Kaitong West Lane undergoes acute
commercial format disorder alongside resilient physical-cultural continuity. To evaluate
the robustness of these diagnostic outcomes against prior weight perturbations, a Monte
Carlo sensitivity analysis perturbing all preset weights in Equations (2)—(5) by £20% across
100 iterations was conducted. The resulting profile rankings across the 18 nodes maintained
high stability with an average Kendall’s rank correlation of T = 0.912 £ 0.034, while the
regional complexity classifications across all three dimensions remained robustly consistent
without category flipping across the simulation runs (SMI: Moderate; FAI: Severe; PMDI:
None/Borderline Mild).

5. Discussion
5.1. Theoretical and Methodological Innovation

Traditional research methods for analyzing heritage spaces mostly rely on static planar
forms and subjective qualitative assessments, lacking the deep integration of multimodal
heterogeneous data. This limited perspective that focuses on a certain aspect often over-
looks the dynamic connections between the physical environment, functional attributes,
and public perception, and is unable to effectively measure the multi-dimensional displace-
ment mechanisms of the space [57-59]. To overcome this limitation, this study draws on
Pezzetti’s superimposed structure theory and constructs a data integration framework
that integrates the three dimensions of physical form, functional attributes, and public
perception. This provides a set of integrated evaluation methods for systematically iden-
tifying and quantifying the complex evolution state of the surrounding environment of
heritage sites. Through empirical testing of the historical district of Kaitong West Lane,
the empirical results revealed the cultural symbol mismatch, spatial form ambiguity, and
functional usage disorder triggered by changes in the heritage-surrounding environment.

In terms of methods, integrating multi-source heterogeneous data with a deep learn-
ing recognition framework not only addresses the technical limitations of cross-modal
alignment between text and images but also provides a computational workflow that
may be adapted to other historic districts for the quantitative assessment of the complex
spaces surrounding heritage. At the same time, this research overcomes the limitations of
traditional methods in urban quantitative assessment, which rely on preset static thresh-
olds. It introduces an exploratory three-step adaptive threshold calibration mechanism
based on shared latent space feature alignment and Bootstrap resampling. This mechanism
dynamically calibrates the thresholds, effectively assessing the complexity of the functional
and morphological decline of the heritage-surrounding environment, demonstrating that
the deep alignment of multimodal features can effectively characterize micro-spatial com-
plexity thresholds, providing quantitative diagnostic references and planning implications
for multi-dimensional spatial states in historic districts.
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5.2. Adaptive Regeneration Implications Based on Spatial Complexity Assessment

Under the multi-dimensional assessment system, Kaitong West Lane, serving as a
micro-corridor connecting key cultural heritage conservation units, displays pronounced
spatial multi-dimensional non-equilibrium evolutionary characteristics: the functional
attribute dimension (FAI: 0.630) exhibits severe disorder, the physical morphological dimen-
sion (SMI: 0.185) shows moderate deviation, and public perception and social recognition
(PMDI: 0.085) stably remain at the baseline state (qualified as None/Borderline Mild). These
empirical data indicate that current neighborhood contradictions are acutely concentrated
on localized physical interface damage and chaotic micro-functional disorder, whereas core
heritage landmarks sustain thematic narrative persistence despite localized community
memory dilution.

For such non-equilibrium heritage-surrounding environments, regeneration interven-
tions must abandon wholesale demolition or blind cosmetic facadism, pivoting toward
“assessment-driven, dimensionally targeted” adaptive micro-regeneration. Therefore, this
study proposes heuristic planning orientations grounded in multi-dimensional quanti-
tative assessment findings to provide targeted decision-making references for refined
spatial governance:

1. Morphological Dimension: Boundary Softening and Redline Regularization (Target-
ing SMI Moderate Deviation)
Addressing the core drivers of street-facing building encroachments and solid en-
closure interfaces that exacerbate spatial obstruction (contributing over 75% to the
SMI), morphological regeneration should prioritize interface transparency restoration
and statutory planning boundary regularization. While strictly adhering to historical
district conservation redlines, illegal street-side additions should be progressively
cleared, encouraging the introduction of permeable greenery and semi-open bound-
ary elements. Clearing micro-visual corridors and restoring traditional street aspect
ratios will enhance facade visual continuity, fostering organic morphological cohesion
between heritage entities and the peripheral built fabric.

2. Functional Dimension: Commercial Format Access Control and Negative Function
Diversion (Targeting FAI Severe Disorder)
Addressing severe spatial disorder driven by information entropy surge, functional
conflicts, and dominant format deficiency (accounting for 85.2% of FAI contributions),
functional interventions must focus on micro-commercial access regulation and the
governance of ground-level public space occupancy. We recommend formulating pos-
itive compatibility and negative exclusion format catalogs tailored to historic district
style, systematically diverting negative peripheral uses such as recyclable waste col-
lection and informal storage that encroach on pedestrian corridors. Moving vehicular
static parking and through-traffic outward allows for flexible insertion of composite
micro-service amenities that balance native residents” everyday livelihood needs with
light cultural tourism experiences, rebuilding a legible dominant functional order.

3. Perceptual Dimension: Memory Maintenance and Low-Impact Micro-Intervention
(Targeting PMDI Low Landmark Drift)
Given that online discourse regarding core historical landmarks shows low drift
while local residents experience subtle neighborhood memory dilution, perceptual
interventions should adhere to the preventive conservation principle of “low-impact,
micro-intervention, and heritage transmission”. Excessive commercial staging that
destructively displaces localized neighborhood life must be averted. Efforts should
focus on upgrading age-friendly and convenient micro-interaction facilities along the
Wolong Temple cultural axis, subtly encouraging the profound cultural connotations
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of heritage to permeate into everyday living scenarios through the continuation of
traditional paving textures and lightweight spatial cultural cues.

6. Conclusions

This study is contextualized within the prevalent structural mismatch between histori-
cal heritage buildings commonly found in the ancient city of Xi’an and their surrounding
environments. Taking Kaitong West Lane within the Ming City Wall in Xi’an, China, as an
archetypal empirical case, this study constructs a cross-modal deep learning complexity
quantitative assessment framework that couples the visual semantic perception of Seg-
Former with the deep textual comprehension of MacBERT. By establishing a shared metric
latent space mapping multimodal high-dimensional features and introducing a three-stage
adaptive calibration pipeline accounting for small-sample distributional properties, the
system successfully realizes the unified characterization of overlapping multi-dimensional
relationships across physical spatial form, statutory planning policies, and community
public perception. Empirical calculations indicate that the overall assessment depends
on the decision criterion: under the worst-case warning rule, Kaitong West Lane is des-
ignated as “severe complexity” (driven by FAI = 0.630 > 0.580), whereas under the
dual-anchor conservative rule, it converges to a “moderate complexity state” (SMI = 0.185,
PMDI = 0.085).

The core findings of this study reveal that Kaitong West Lane has not descended into
an extreme state of comprehensive degradation, but rather exhibits pronounced “spatial
multi-dimensional non-equilibrium evolutionary” characteristics: physical built interfaces
display moderate disruption (SMI: Moderate) with prominent statutory redline encroach-
ments, and micro-functional order exhibits severe imbalance (FAI: Severe) with highly
fragmented commercial formats, whereas cultural identification within online public com-
munication displays low discursive drift regarding major historical landmarks (PMDI:
0.085, falling within the 95% confidence interval [0.079,0.097] of the 0.088 mild threshold,
qualified as None/Borderline Mild), while offline field consultations reveal that long-term
residents nonetheless experience subtle lived memory dilution from commercial substitu-
tion. Overcoming the limitations of conventional evaluations that rely on single scalars or
subjective qualitative appraisals, this study disaggregates micro-scale multi-dimensional
heterogeneous reality rather than compressing it into a single rating. It not only offers em-
pirical references for Kaitong West Lane in micro-regeneration practices—such as physical
interface regularization, commercial negative list governance, and low-impact cultural node
suturing—but also establishes an operational quantitative paradigm for the fine-grained
multidimensional assessment of historic urban heritage surroundings.

Several scope conditions of this study point to directions for future research. First,
while sensitivity tests confirm computational robustness within this corridor, concerning
external generalizability, because empirical validation was conducted on a single micro-
corridor, the calibrated thresholds in Table 3 reflect the local feature distribution of Kaitong
West Lane and require local re-calibration when adapted to other districts. Second, a tempo-
ral gap exists between the 2018 street view archive and the 2023-2026 POI/UGC datasets,
and social media posts primarily capture younger visiting cohorts. Nevertheless, the SMI-
FAI-PMDI three-dimensional evaluation system, the dual-branch latent space contrastive
alignment mechanism, and the adaptive threshold shrinkage pipeline possess potential
methodological adaptability. Future research will advance from single-corridor exploration
toward multi-center cross-regional validation, ingesting full-element synchronized dy-
namic data and deepening integration with oral history archives. Concurrently, integrating
long-sequence spatio-temporal graph learning models will facilitate the evolutionary tran-
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sition of spatial complexity assessment from static baseline diagnosis toward the dynamic
simulation and longitudinal tracking of post-intervention micro-regeneration effects.
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