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Urban cultures and architectural styles vary significantly across cities due to
geographical, chronological, historical, and socio-political factors. Understanding these
differences is essential for anticipating how cities may evolve in the future. As
representative cases of historical continuity and modern innovation in China, Beijing and
Shenzhen offer valuable perspectives for exploring the transformation of urban
streetscapes, However, conventional approaches to urban cultural studies often rely on
expert interpretation and historical documentation, which are difficult to standardize
across different contexts. To address this, we propose a multimodal research framework
based on vision-language models, enabling automated and scalable analysis of urban
streetscape style differences. This approach enhances the objectivity and data-driven
nature of urban form research. The contributions of this study are as follows: 1. We
construct UrbanDiffBench, a curated dataset of urban streetscapes containing
architectural images from different periods and regions. 2. We develop UrbanSense, the
first vision-language-model-based framework for urban streetscape analysis, enabling the
quantitative generation and comparison of urban style representations. 3. Experimental
results show that Over 80% of generated descriptions pass the t-test. High Phi scores
(0.912 for cities, 0.833 for periods) from subjective evaluations confirm the method ability
to capture subtle stylistic differences. These results highlight the method potential to
quantify and interpret urban style evolution, offering a scientifically grounded lens for
future design.

Keywords: Vision-language models, Multimodal analysis, Quantitative style comparison
of Urban Styles

INTRODUCTION
Recent advances in machine learning have

led to a wide range of studies in sustainable
architecture (Gao et al., 2023; Huang et al., 2025;
Li et al., 2019; Zeng et al., 2025; Zhang et al.,

2024), energy-aware design (Chen et al., 2024; Jia
et al., n.d.; Lu et al., 2024; Lu et al., 2016; Ma et al.,
2025), multimodal generation (Sun et al., 2025a;
Sun et al., 2025b; Zou et al., 2023), visual
enhancement (Yan et al., 2016; Yin et al., n.d.;
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Zou et al., 2021), architectural performance
optimization (Lu et al., 2016; Lu et al., 2024; Ma
et al., 2025; Lu et al., 2016; Yin et al., 2024), and
human-AI interaction (Gao et al., 2023; Li et al.,
2019; Wang et al., 2024; Yin et al., 2025; Zeng et
al., 2025; Zhang et al., 2024). These innovations
offer new avenues for studying the evolution of
architectural forms.

The evolution of urban architectural styles
reflects the trajectories of regional culture, social
transformation, and technological advancement.
Systematic analysis of urban morphology across
different historical periods holds significant
academic value — not only for uncovering the
mechanisms of stylistic evolution, but also for
informing contemporary urban design with
historical insights. As two representative cities in
China, Beijing and Shenzhen have undergone
distinct developmental trajectories: Beijing
preserves centuries-old urban scales amid
modern planning, while Shenzhen has rapidly
emerged over the past four decades from low-
density villages prior to the Reform and
Opening-up era into a contemporary metropolis.
The stylistic transitions shaped by these
contrasting contexts merit in-depth investigation.

While earlier studies provided insights into
streetscape styles, traditional methods are
hindered by subjectivity, low efficiency, and poor
temporal resolution. These limitations have led
to growing adoption of AI-driven image – text
models for scalable and objective urban style
analysis. Recent VLLMs like LLaVA and GPT-4V
enhance urban image analysis by combining
visual and textual modalities, improving semantic
understanding and quantitative reasoning for
architectural style recognition.

In this study, we propose an analytical
framework, UrbanSense, which leverages state-
of-the-art Vision-Language Models (VLLMs) to
quantitatively analyze stylistic differences in
urban streetscapes across diverse global
contexts. This framework integrates deep
learning and natural language processing to
efficiently extract and generate stylistic
descriptions from urban image datasets,
enabling comparative analysis across both
temporal and geographical dimensions.

UrbanSense offers a novel technical and
theoretical approach to architectural style
recognition and urban morphology research. By
integrating data and interpretability, it links
architecture and AI, shifting urban studies from
visual observation to semantic analysis.

RELATED WORK
AI has shifted streetscape analysis from
qualitative to data-driven approaches. This
section reviews research on style analysis and
vision-language models

Research on urban streetscape style
differences

Understanding urban streetscape styles is
key to analyzing urban form evolution, yet
traditional methods suffer from limited data and
subjective labeling (Xu et al., 2023). Recent
studies increasingly adopt AI-based techniques,
with computer vision — particularly CNNs —
enabling large-scale architectural image analysis
and reducing reliance on manual annotation
(Llamas et al., 2017). However, such approaches
often simplify style recognition to surface-level
labeling and rarely address temporal stylistic
evolution, focusing instead on spatial
correlations via embeddings (Han et al., 2022).

Applications of Vision-Language
Models (VLLMs)

Vision-Language Models (VLLMs),
particularly CLIP-based variants like UrbanCLIP
and UrbanVLP, have been applied to

Figure 1
Illustration of set
difference
captioning for
urban streetscape
styles. Given
image sets GA and
GB, representing
historical
streetscapes
(1950–1970) and
modern
streetscapes (post-
2000) of Beijing
respectively, the
vision-language
model generates
natural language
descriptions
highlighting the
most distinctive
stylistic features of
each period.
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semantically encode satellite imagery and
predict socioeconomic factors. UrbanVLP notably
introduces a multi-granularity framework for
modeling urban functions across regions (Hao et
al., 2024). Yet, most VLLM applications remain
focused on spatial heterogeneity, with limited
exploration of temporal changes in architectural
styles or streetscape evolution across historical
periods.

Applications of NLP in visual analysis
Natural Language Processing (NLP), an AI
technique for automated language analysis, has
seen growing application in urban studies —
primarily for extracting semantic insights from
sources such as social media opinions and
transport-related texts (Cai, 2021).

Despite its potential, NLP in urban visual
analysis remains nascent, constrained by manual
annotation and prior knowledge for aligning text
with architectural elements (Bruschke et al.,
2023). While multimodal datasets offer a
foundation, unsupervised image-text alignment
remains a key unresolved challenge.

DATASET
To enable accurate streetscape analysis, we
constructed the UrbanDiffBench dataset with
expert annotations and style-descriptive texts,
sourced from platforms like Pinterest®,
Behance®, Archdaily®, and Gooood®.

Beijing: A total of 230 streetscape images
were collected. Among them, 130 depict Beijing
during the socialist planned economy period
(1950s – 1970s), featuring traditional forms such
as siheyuan and hutongs. The remaining 100
images represent post-reform Beijing (2000s
onward), illustrating modernization through
areas like the CBD near the China World Trade
Center.

Shenzhen: We collected 230 streetscape
images of Shenzhen, including approximately
110 from the pre-reform era—depicting fishing
villages and small-town landscapes — and 120

from the post-reform period, reflecting rapid
urbanization.

Duplicates were removed and images
standardized in size, resolution, and RGB format.
Each image was paired with a description, with
no filters applied. Data were labeled by city and
historical period.

METHODOLOGY
Inspired by GeoCLIP and VisDiff, we developed
UrbanSense, a framework for quantifying
regional and temporal urban style differences.
Built on UrbanDiffBench, it comprises two core
modules: UrbanFeature Discoverer for style
extraction and UrbanDifference Assessor for
variation evaluation.

To address the difficulty of generating
descriptions from full datasets GA and GB, we
introduce a two-stage framework. First, the
Urban Feature Discoverer extracts representative
subsets Aa and Ab to capture style differences.
Then, Urban Difference Assessor identifies key
features that distinguish the cities’ styles..

Urban Difference Assessor
The Urban Feature Discoverer takes Aa and

Ab as input and utilizes a Vision-Language Model
(VLM) to output stylistic descriptions with high
discriminative power. This process is

Figure 2
Image and Text
Annotations in the
UrbanDiffBench
Dataset

Figure 3
Workflow of the
UrbanSense
method. The
framework
consists of two
steps: (1) Urban
Feature Discoverer
extracts
descriptive
features of urban
style; (2) Urban
Difference
Assessor evaluates
and selects the
most
discriminative
features
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implemented through the following three
approaches:

1. Direct Image-Based Analysis: Two 20-image
grids from each subset are input into a VLM
(e.g., GPT-4V) to generate descriptive
comparisons.

2. Embedding-Based Analysis: Feature
embeddings from both subsets are
compared, and their differences are
interpreted using a language model (e.g.,
BLIP-2).

3. Text-Generation-Based Analysis: VLMs
generate descriptions for each subset, which
are then compared using a language model
to identify stylistic differences.

Experiments show that text-generation analysis
best captures architectural styles, outperforming
visual-only methods. It is thus used as the
primary extractor. Multiple samples from subsets
Aa and Ab are aggregated and input into the
Urban Difference Assessor for deeper analysis.

Urban Feature Discover
To assess stylistic discrimination, the Urban
Difference Assessor computes a discriminative
score for each description generated by the
Urban Feature Discoverer:

�� = ��∈���(�, � − ��∈���(�, �) (1)

Descriptions are ranked by discriminative
scores, with a reference value indicating the
consistency between each urban image and its
generated description. This value is computed
using three defined methods:

1. Image-Based: The vision-language model
LLaVA-1.5 is queried to assess whether
image x matches description y, with its binary
output used as the reference score.

2. Text-Generation-Based: BLIP-2 generates a
description w for image x, which is then
evaluated by Vicuna-1.5 for alignment with y.

3. Feature-Based: CLIP ViT-G/14 is used to
compute the embedding vectors of image x
and text y, and the cosine similarity between
the two vectors is then calculated as follows:

�(�, �) =
�� ⋅ ��

�� ��
(1)

Given the continuous nature of the values,
AUROC is used to assess each description ’ s
ability to distinguish GA from GB. The feature-
based method outperforms others and is
adopted as the main evaluation metric, with t-
tests applied to retain only statistically significant
results (p < 0.05).

EXPERIMENT
We verify the effectiveness of the method
through qualitative and quantitative experiments.

Evaluation of Stylistic Descriptions
Effectiveness

To assess the effectiveness of the UrbanSense
framework, we conducted experiments focusing
on the model ’ s ability to extract, differentiate,
and represent urban stylistic features. The
following sections present the evaluation of
descriptive accuracy and stylistic distinctions
across time and space.

T-Test and Significance Analysis.
We selected comparison pairs from different
regions and periods in the UrbanDiffBench
dataset. UrbanSense generated descriptions and
computed alignment scores (Score1 and Score2),

Figure 4
The proportion of
descriptions for
which the t-test
returns a “true”
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followed by a t-test to assess the significance of
their mean difference.

Four comparison sets produced 240
descriptions. As shown in Figure 4, t-tests show
over 80% are statistically significant (p < 0.05),
confirming the descriptions effectively capture
regional and temporal style differences

To quantitatively evaluate the effectiveness
of the UrbanSense framework in extracting
urban stylistic features, we visualized the group
comparison results using three methods:
Histogram, Kernel Density Estimation (KDE), and
Boxplot.Figure 5 reveals distinct cosine similarity
distributions between old and new city pairs. The
clear separation of peaks with minimal overlap
demonstrates that UrbanSense effectively
distinguishes historical from contemporary urban
styles, enhancing the model’s ability to
differentiate stylistic features.The Kernel Density
Estimation plot of cosine similarities (Figure 6)
shows that UrbanSense identifies both high-
similarity peaks and a broad distribution,
indicating its ability to capture both
concentrated features and diverse stylistic
variations.

Figure 7 shows that boxplot analysis reveals
strong intra-city consistency (e.g., old vs. new
Beijing) and marked intercity variation (e.g., new
Beijing vs. new Shenzhen), confirming
UrbanSense ’ s ability to capture temporal and
spatial style differences.

Interpretation of Urban Style Clustering.
We applied TF-IDF and PCA to vectorize and
reduce 240 descriptions from four urban
categories, followed by K-means clustering to
examine stylistic distinctiveness across temporal
and geographic contexts.

As shown in Figure 8, descriptions from the
same category cluster closely, while those from
different categories are well-separated,
confirming UrbanSense’s ability to distinguish
heterogeneous stylistic features.The 2D space
reveals directional trends in urban style evolution.
Shenzhen’s old and new clusters are clearly split
along the y-axis, indicating a transformative shift,
while Beijing’s clusters form a continuous

Figure 5
Histogram of
Cosine Similarities

Figure 7
Boxplot of Cosine
Similarities

Figure 6
Kernel Density
Estimation of
Cosine Similarities

Figure 8
K-Means
Clustering Analysis
of Stylistic
Descriptions
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distribution, suggesting gradual stylistic
evolution.

Effectiveness of Differential
Descriptions in Style Comparison
Building on prior analysis, UrbanSense effectively
captures urban style differences. This chapter
interprets the morphological evolution of Beijing
and Shenzhen through the model’s stylistic
outputs.

Extracting Consensus Features of Urban
Styles.
BIntegrating architectural history theories, we
examine how generated descriptions reflect
historical shifts in urban form, validating the
interpretability of vision-language methods in
urban morphology research.

Using UrbanDiffBench results, we aim to (1)
assess the effectiveness of differential
descriptions in style comparison, and (2) apply
the most discriminative ones as prompts in text-
to-image models, with expert validation.
Extracting Common Stylistic Features of Cities.
As shown in the word cloud, the model
effectively extracts representative visual features
that reflect a city's morphological evolution
across historical periods.

Taking Beijing as an example, the city’s
stylistic evolution is gradual, shifting from
traditional elements like “pagoda” and”archway”
(1950s – 1980s) to modern terms such as
“futuristic” and “blending tradition with
modernity.” This trajectory aligns with Figure 8 ’s
clustering and the functional – cultural strategy
outlined in Urban Memory.In contrast to Beijing’

s gradual evolution, Shenzhen shows a sharp
stylistic shift— from “ low-rise ” and “ temporary
structures” to “ towering, ” “ interchanges,” and
“ concrete urban setting. ” This reflects rapid
urbanization, aligning with its spatial
reconstruction narrative and Figure 8’s clustering.

The results show that UrbanSense-generated
keywords align with widely accepted narratives
of urban change while effectively capturing
temporal stylistic and spatial differences within a
city, demonstrating the model’s strong capability
in urban morphological analysis.
Identifying Urban Differences Within Similar
Stylistic Contexts.
During the same period, image keywords reveal
both shared stylistic traits and divergent urban
logics. UrbanSense filters out generic terms,
enabling fine-grained interpretation of inter-city
differences and generating highly discriminative
descriptions.

Keywords like “city walls” and “clock tower”
in old Beijing reflect its ceremonial spatial logic,
while “small villages” and “narrow streets” in old
Shenzhen indicate an organically grown, low-
density fabric. Though both cities modernized,
new Beijing fuses tradition with vertical urbanism,
whereas new Shenzhen emphasizes consumer
culture and density — highlighting divergent
evolutions rooted in distinct historical and
cultural contexts.These results confirm that
UrbanSense captures both intra-style nuances
and cross-city features within the same era,
aligning well with established urban studies and
supporting robust multi-city comparisons.

Expert Evaluation and Validation
To subjectively assess and validate the

expressive performance of the UrbanSense
model, we invited 10 senior architectural
designers and 10 non-architecture-background
participants to participate in a structured
evaluation.

Figure 9
Stylistic Features
and Word Clouds
of Beijing and
Shenzhen in
Different Periods
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The first task tested whether observers could
identify the urban context of eight images
generated by UrbanSense. Participants selected
from four categories—Beijing (Planned Economy),
Beijing (Contemporary), Shenzhen (Pre-Reform),
and Shenzhen (Post-Reform) — to assess the
clarity of the model's stylistic representation
(Figure 10).

���total =
1
� ∑�=1

�  � �� �, �� ⋅ � �� �, �� (1)

Let N denote the total number of samples;
δ(a, b) denote the Kronecker delta function,
which equals 1 when a = b , and 0 otherwise. Let
c� i represent the predicted city of the i-th sample,
p� i is the predicted period, ci the ground-truth
city, and pi the ground-truth period for the i-th
sample.

Subsequently, Participants completed image-
text matching on 8 test sets, each containing 50
images (25 per city) and two corresponding
descriptions. A confusion matrix was used to
compute the Phi coefficient, measuring
consistency in categorical matching. The formula
is as follows:

� =
�� − ��

(� + �)(� + �)(� + �)(� + �)
(1)

Figure 11 shows that UrbanSense achieves
strong image–text alignment, with accuracy rates
of 90.3% (professional) and 85.7% (non-
professional). High Phi coefficients (0.912 for city,
0.833 for period) further confirm its semantic
clarity and cognitive reliability.

DISCUSSION
UrbanSense contributes to the automation

and objectivity of streetscape interpretation by
extracting deep visual features and generating
descriptive style-related text. It offers a novel
multimodal approach for urban research.

While the framework shows promising
potential, challenges remain — such as vague
stylistic boundaries and the need for manual text
refinement. Future work will focus on improving
robustness through larger, more diverse datasets

We acknowledge the current focus on
Chinese cities and the need to test
generalizability across global contexts, especially
where styles are fluid or documentation is sparse.
Future work will better situate visual patterns
within urban narratives and address dataset bias
to ensure cultural fairness.

CONCLUSION
The UrbanSense framework explores a semantic,
quantitative, and systematic pathway for
analyzing urban streetscape styles, aiming to
provide a technically grounded method for
urban morphology research. Experiments
validate its effectiveness in style recognition, text
generation, and differentiation, with potential
applications in design, heritage, and urban
renewal.
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