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ABSTRACT
Analyzing urban morphology across different geographical contexts can reveal recurring 
patterns of urbanization and support the critical evaluation of urban design practices. 
Existing machine-learning approaches generally follow either supervised classification or 
unsupervised clustering. Supervised methods retain established morphological knowl
edge, but force all samples into predefined classes, whereas unsupervised methods can 
identify new patterns but often lack clear connections to existing urban-morphological 
concepts. To address this challenge, this study introduces generalized category discov
ery into urban morphology and establishes an open-world evaluation paradigm for 
jointly recognizing reference morphotypes and discovering categories withheld from 
training. Based on this paradigm, we propose AnyMor-VLM, a novel urban-morphotype- 
aligned, scalable framework that leverages vision-language models capable of identify
ing any geometry-based urban morphotypes. The AnyMor-VLM integrates techniques of 
language-guided representation learning, supervised learning, self-supervised contras
tive learning, and cross-modal alignment learning. Comprehensive experiments show 
that the AnyMor-VLM achieves the strongest overall classification performance on the 
proposed benchmark and improves the recognition of established reference classes and 
novel categories withheld from training. Two proof-of-concept applications further 
illustrate the use of the urban-area delineation and the identification of informal- 
settlement-associated fabrics. These findings provide evidence that open-world techni
ques can bridge knowledge-driven classification and data-driven pattern discovery in 
computational urban morphology.
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1. Introduction

Urban form is intrinsically associated with the environmental, social, and economic performance of cities and 
has consequently remained a longstanding concern in urban planning and design (D’acci, Banister, and 
White 2024; Huang, Lu, and Sellers 2007; Zhang, Ghosh, and Park 2023). In the Conzenian tradition, urban 
form emerges from the relationships among the town plan, building fabric, and land and building utilization 
(Conzen 1960, 2004). The contemporary townscape contains forms inherited from different morphological 
periods and transformed through successive planning decisions and development processes. Whitehand’s 
account of the Conzenian tradition further emphasizes morphological periods, morphological regions, the 
persistence of inherited forms, and the relationship between decision-making and changes in the urban 
landscape (Whitehand 2001). Moudon similarly identifies buildings and their associated open spaces, plots or 
lots, and streets as fundamental elements of urban form. She also emphasizes the importance of spatial scale 
and transformation over time (Moudon 1997). Urban form therefore reflects the ways in which cities organize 
their limited spatial resources, while being shaped by historical, institutional, functional, and socioeconomic 
processes (Batty 2024; Conzen 1960; Moudon 1997).

Understanding contemporary urban form remains important for evaluating established design paradigms 
and exploring sustainable patterns of urban development (D’acci, Banister, and White 2024; Huang, Lu, and 
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Sellers 2007). However, what constitutes a sustainable urban design paradigm remains a subject of continu
ing debate among urban designers and planners. Examples include the garden city (Howard 1902), new 
urbanism (Congress for the New Urbanism 2000), and the emerging concept of 15-minute city planning 
(Bruno et al. 2024). A comprehensive understanding of contemporary urban forms is instrumental in 
facilitating the application of historical experiences and the exploration of sound, sustainable urban patterns 
that are aligned with the Sustainable Development Goals (Biljecki and Chow 2022; Debray et al. 2025; Huang, 
Lu, and Sellers 2007; Zhu et al. 2022).

At the same time, the complexity and global diversity of cities make comprehensive morphological 
comparisons difficult. Recent studies have consequently adopted computational representations, including 
street networks (Boeing 2018; W. Chen, Wu, and Biljecki 2021), urban morphometrics (Arribas-Bel and 
Fleischmann 2022), figure-ground maps (Moosavi 2022; J. Wang, Huang, and Biljecki 2024), block configura
tions (Arribas-Bel and Fleischmann 2022; D. Chen et al. 2025), etc. derived from OpenStreetMap (D. Chen 
et al. 2025), remote-sensing imagery (Debray et al. 2025; Zhu et al. 2022), and other data sources to support 
urban form analysis. Each of these representations operationalizes only part of the broader morphological 
system. In particular, a binary figure-ground map abstracts an urban area into the planimetric relationship 
between built form and open space. It retains information concerning building-footprint density, size, 
spacing, orientation, compactness, continuity, and spatial arrangement. Figure-ground maps therefore 
provide a standardized and scalable representation of geometric urban-fabric patterns.

Based on such computational representations, existing urban-form classification methods are predo
minantly supervised or unsupervised (W. Chen et al. 2024; Debray et al. 2025; Drici and Carpio-Pinedo  
2025). Supervised approaches are guided by predefined taxonomies and domain knowledge (W. Chen, 
Wu, and Biljecki 2021; Zhu et al. 2022), but they generally assume that all observations belong to a fixed 
set of known classes approaches (Parmar et al. 2023). Previously unseen patterns may therefore be 
forcibly assigned to an inappropriate known category (Figure 1(a)). Unsupervised approaches avoid 
predefined labels and can identify recurring patterns directly from the data (J. Li et al. 2026; J. Wang, 
Huang, and Biljecki 2024). However, the resulting clusters are difficult to control and may not correspond 
to established morphotypes (Figure 1(b)). Their relationship to existing urban-morphological knowledge 
may consequently remain uncertain, and their interpretation can be less direct than that of predefined 
categories (Troisemaine et al. 2023).

The open-world learning (OWL) research offers a potential approach to addressing the myriad urban 
morphotypes (Z. Chen and Liu 2018). OWL research indicates that conventional supervised learning is based 
on the closed-world assumption, which often fails to hold in real-world scenarios, and open-world 
approaches are therefore necessary (Z. Chen and Liu 2018). In the open-world context, the generalized 
category discovery (GCD) paradigm presents a challenge: open-world models must distinguish new cate
gories from known ones during testing or application without being retrained from scratch (Troisemaine 
et al. 2023). Motivated by this challenge, a growing body of research has sought to develop models with 
markedly stronger generalization capabilities (Troisemaine et al. 2023; Vaze et al. 2022). The strong general
izability and rich prior knowledge of large-scale pre-trained visual encoders (e.g. DINO (Vaze et al. 2022; Wen, 
Zhao, and Qi 2023), DINOv2 (Y. Liu, He, and Han 2025)) have shown that general-purpose visual representa
tions can transfer effectively across a wide range of image- and pixel-level tasks. Building on these advances, 
a prominent direction within GCD is to jointly exploit visual and textual information through pre-trained 
vision-language models such as CLIP (Ouldnoughi, Kuo, and Kira 2023). Their multimodal alignment cap
abilities enable language-guided representations that can be effectively transferred to specialized domains 
(J. Cao et al. 2026; J. Wang et al. 2026). This direction is especially appealing for urban morphology, since 
textual descriptions of morphological attributes have long served as a key analytical device for differentiat
ing urban form types. Taken together, inspired by the GCD paradigm, pre-trained VLM-based open-world 
methods hold considerable promise for extracting shared features across heterogeneous urban forms and 
for enabling the recognition of arbitrary urban morphotypes in open-world settings (Figure 1).

The objective of this study is to establish a scalable and typology-aligned framework for discovering 
geometry-based morphotypes. Our key contributions are fourfold: 1) We introduce the concept of the OWL 
to urban morphology and develop an open-world classification paradigm and a benchmark for urban 
morphology. 2) Driven by this paradigm, we propose an urban-morphotype-aligned data-driven model for 
identifying any urban morphotypes based on vision-language models named AnyMor-VLM. 
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Methodologically, AnyMor-VLM augments state-of-the-art multi-modal GCD architectures with a dedicated 
map-description branch: image-captioning techniques are employed to automatically generate textual 
descriptions of figure-ground maps that are semantically generalizable yet expressive enough to capture 
salient morphological characteristics. The joint visual-textual representation is followed by a semi-supervised 
classification algorithm towards aligning classes with existing urban morphotypes and discovering novel 
types of urban morphology simultaneously. The challenge of training a classification model with strong 
generalizability is transformed into a problem of fine-tuning pre-trained foundation models. 3) We construct 
an urban morphotype benchmark containing six established urban morphotypes and evaluate models using 
labeled-class, unlabeled-class, novel-class, and overall accuracy under the paradigm. 4) The proposed model 
is further instantiated in two representative downstream tasks, i.e. urban area delineation and slum mapping, 
demonstrating its illustrative feasibility and transferability beyond the benchmark setting.

2. Problem formulation

This study adopts a deliberately restricted morphology-only input setting. Each sample is represented as 
a binary figure-ground map in which morphological elements are encoded in white and others are in black, 
in accordance with the findings of existing studies (Moosavi 2022; J. Wang, Huang, and Biljecki 2024). Under 
this representation, the model can observe geometric and layout characteristics including properties related 
to density, size, spacing, orientation, compactness, spatial arrangement, etc. Accordingly, this study adopts 
an operational definition of an urban morphotype. A figure-ground morphotype is defined as a recurring 

Figure 1. Challenges of existing paradigms for urban morphology classification and advance of open-world learning 
paradigm. (a) Supervised learning methods forcibly assign predefined classification classes to input urban forms, even if 
they do not belong to any predefined classes. (b) Unsupervised learning methods generate uncontrollable, data-driven 
categories that often lead to a disconnect from existing urban morphotypes. (c) Open-world learning methods aim to 
correctly classify forms belonging to known types, while clustering those belonging to unknown types into novel 
categories. The label system is urban-morphotype-aligned, which has the capacity to align classes with existing urban 
morphotypes. Furthermore, it is scalable, which allows any number of any type to be included into the system.
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configuration of built and open space that is geometrically distinguishable under the binary map represen
tation. Therefore, morphological similarity in this study refers to similarity in observable figure-ground 
geometry. It does not imply that two urban areas are equivalent in their historical origin, land-use composi
tion, tenure structure, street system, social function, or cultural context.

No geographic coordinates, city or country names, regional identifiers, satellite imagery, spectral informa
tion, points of interest, land-use attributes, or socioeconomic variables are provided to either the category- 
discovery model or the map-description generation procedure. This intentional exclusion reduces the 
possibility that the model relies on geographic, functional, or contextual shortcuts and enables 
a controlled evaluation of whether recurring built-open-space configurations can be learned and discovered 
from figure-ground geometry alone. The resulting inference task is therefore neither geographically condi
tioned nor intended to reconstruct the complete morphological identity of an urban area. Instead, it 
concerns the recognition of established geometry-based morphotypes and the discovery of previously 
unseen geometric configurations under an open-world paradigm.

Unlike existing supervised classification and unsupervised clustering paradigms for urban morphology, 
this paper proposes a novel, GCD-inspired classification and evaluation paradigm for open-world urban 
morphology. It aims to assign the task of urban morphology classification to the discovery-aware classifica
tion framework in the context of open-set classes. In the conventional GCD paradigm, the dataset D is 

divided into a labeled set DL ¼ XLi ; yi
� �� �N

i¼12 X � YL, and an unlabeled set DU ¼ XUi ; yi
� �� �M

i¼12 X � YU , 
where YL � YU . GCD requires the model to remain unaware of the labels YU in the unlabeled dataset DU
during training, but to predict YU during the testing phase. This paradigm aims to simultaneously evaluate 
a model’s performance on both known and unknown categories. However, since this paradigm still permits 
models to access unlabeled data XU during training, some methods leverage unsupervised (e.g. self- 
supervised) learning to maintain decent performance on the unlabeled set DU . However, there is 
a possibility that they will demonstrate substandard performance in relation to data that is not contained 
within the dataset D. Given the nature of scarce training labels in urban morphology classification, this issue 
is likely to occur frequently. Thus, the conventional GCD paradigm does not fully adapt to the domain of 
urban morphology classification.

Our classification and evaluation paradigm of open-world urban morphology poses a more challenging 
requirement for the practical domain. We propose isolating a subset DT ¼ XTi ; yi

� �� �K
i¼12 X � YT as the 

testing set from the whole dataset D, such that D ¼ DL [DU [DT . The testing set DT , including the data XT

and the labels YT , are not permitted to be accessed by models during training. And YT includes three kinds 
of labels according to label availability (Figure 2), namely, labeled classes that are supervised trained YL, 
unlabeled and unsupervised trained classes YUnYL, and novel classes that the model has never seen or 
trained YT nYU , such that YL � YU � YT . Throughout the following formulation, the terms ‘class’, ‘label’, 
and ‘morphotype’ all refer to the operational figure-ground definition unless otherwise specified. Hence, four 
accuracies can be calculated, including the overall accuracy OA for the whole DT , the labeled-class accuracy 
ACCL, the unlabeled-class accuracy ACCU , and the novel-class accuracy ACCnovel .

The proposed paradigm consists of two phases. (1) In the model development phase, DT must include the 
data with novel classes, such that YU � YT (Figure 2(a)). During testing, the model must be tested on all kinds 
of labels YT , thereby evaluating the capabilities of the model architecture and parameter settings on classifying 
the known classes and generalizing the unknown classes. (2) During the final model training phase, to fully 
leverage the limited data for training a model capable of classifying arbitrary urban morphotypes, we redis
tribute the labeled set DL� full and the unlabeled set DU� full in the dataset D. DL� full is maximized to fully utilize 
existing labels, while DU� full retains the minimal size of YUnYL as 1 (Figure 2(b)). This ensures that its unknown- 
class accuracy serves as an indicator for adjusting final model parameters. Here, YL� full � YU� full ¼ YT . The 
redistributed DL� full and DU� full are used to retrain a final model for deployment.

3. Methodology

3.1 Overview of the urban-morphotype-aligned, scalable approach

Figure 3(a) illustrates the workflow for applying the proposed AnyMor-VLM framework to achieve open- 
world urban morphology classification. During the first step, AnyMor-VLM is first fine-tuned (See Sections 3.2 
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and 3.3 for more details) and then is deployed to generate morphological representations for the input 
figure-ground maps. In the second step, the generated morphological representations are projected on the 
embedding space. The semi-supervised classification is applied to identify the known morphotypes and 
unknown morphotypes (See Section 3.4).

3.2 Architecture of the AnyMor-VLM

Figure 3(b) delineates the details of the architecture of the proposed AnyMor-VLM framework. It consists of 
three VLM-based branches to extract comprehensive morphological representations from figure-ground 
maps of urban form. CLIP ViT-B/16, the widely used multi-modal backbone (He, Liu, and Han 2025), is 
selected as the VLM backbone of three branches, serving not only as the image feature extractor but also as 
the shared alignment interface among all three branches because it has a strong common representation 
space for visual information and textual information (Ouldnoughi, Kuo, and Kira 2023). A visual-only encoder 
such as DINOv2 could provide strong structural representations and has demonstrated effectiveness in earth 
observation and remote sensing tasks (Osco et al. 2023; R.; E. Wang et al. 2025), but it is not directly 

Figure 2. Diagram of the proposed evaluation paradigm for open-world urban morphology classification.
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interchangeable within the current aligned visual-text architecture. Three distinct fine-tuning strategies are 
adopted to make full use of the original generalizability and the domain transferability of the VLMs. 
Furthermore, a fusion projector integrates the three generated characteristics as the final fused representa
tion, in order to make full use of the existing information. The specific details of them are shown below.

● Conceptual-semantic branch has a core conceptual-semantic encoder that takes figure-ground maps 
and morphotype labels as input and generates label information for any unlabeled figure-ground maps 
(Figure 3(b) Blue branch). The conceptual-semantic encoder aims to establish a linear mapping relation
ship between the visual features of the figure-ground map and its conceptual semantics via natural 
language-guided representation learning. In this study, we apply a fully fine-tuned CLIP model fCLIP �ð Þ

Figure 3. (a) Workflow towards the open-world urban morphology classification in this study. (b) The architecture of the 
proposed AnyMor-VLM model.
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and a simple fully connected projector g to jointly form the conceptual-semantic encoder module 
fCS ¼ g fCLIP �ð Þð Þ. Firstly, the known labels are integrated with a prompt template ‘In urban morphology, 
this is a figure-ground diagram of urban forms of {Type} with {Characteristic}’ to construct the concept of 
the known morphotypes. Secondly, the representations with label information are generated by 
encoding the concept with the CLIP textual encoder. Next, the CLIP model fCLIP �ð Þ is fully fine-tuned 
via model distillation and modal alignment techniques to learn the link between maps and concepts 
while ensuring it remains within the representation space of the original CLIP model (E. Wang et al.  
2025). Finally, the CLIP model enables the generation of conceptual semantic representations for figure- 
ground maps.

● Visual-geometric branch has a visual-geometric encoder that takes only figure-ground maps as input 
and extracts the geometric information from the figure-ground maps (Figure 3(b) Orange branch). The 
visual-geometric encoder is built on a CLIP visual encoder and a partially fine-tuning strategy was 
employed, entailing the training of only the final layer of the encoder. The objective is to optimize the 
CLIP model’s retention of its original generalizability while concurrently transferring the capacity to 
recognize visual-geometric features from figure-ground maps of urban morphology. In summary, the 
visual-geometric branch can be formulated as fVG ¼ fCLIP� Vis �ð Þ.

● Map-description branch is a module that takes only a figure-ground map as input and generates 
information of map-related textual features describing figure-ground maps (Figure 3(b) Green 
branch). This branch comprises two components. 1) Image captioner fCaption �ð Þ is a VLM that 
generates textual descriptions of images. Image captioning has emerged as a prominent research 
area in computer vision, with an expanding portfolio of models proposed in recent years 
(Stefanini et al. 2023). In our framework, the captioning module is used to generate natural- 
language descriptions of the spatial patterns exhibited by figure-ground maps, which we refer to 
as ‘map descriptions’. To select an appropriate captioner, we systematically compared several 
representative models, including BLIP, BLIP-2, and GPT-4o (Vision). GPT-4o was retained because, 
unlike BLIP/BLIP-2, it produced morphology-oriented vocabulary (e.g. orthogonal grid, cul-de-sac, 
irregular street pattern) with substantially fewer hallucinated objects. A detailed account of the 
candidate models (including versions, hyperparameter settings, prompt design, and qualitative 
and quantitative comparisons of their outputs) is provided in the Selection of candidate image 
captioners section of the Supplementary Materials (Table S4; Figure S2). To ensure that this design 
choice does not compromise reproducibility, we further conducted a controlled repeated- 
sampling experiment that quantifies the stability of GPT-4o-generated map descriptions under 
identical inputs (see Reproducibility of GPT-4o map descriptions section and Table S5 in the 
Supplementary Materials). The results show that the captions generated remain highly consistent 
across repeated queries, confirming that GPT-4o provides a stable and reliable captioning back
bone within our pipeline (Figure S3). 2) Textual encoder fCLIP� Txt �ð Þ: encodes the generated map 
descriptions using the frozen CLIP textual encoder and maps them to the embedding space 
consistent with the visual features. In short, the map-description branch can be formulated as 
fMD ¼ fCLIP� Txt fCaption �ð Þ

� �
.

● Triple-branch fusion module is designed to integrate the characteristics from three branches. 
Multimodal fusion methods can broadly be categorized as feature-level fusion, interaction-based 
fusion, and decision-level fusion (Ateş and Yurtsever 2026). In this paper, the proposed fusion module 
follows a lightweight feature-level strategy, i.e., a simple nonlinear fully connected projection layer g. It 
is trainable, enabling the model to select the characteristics from the three branches based on feedback 
from training data during the training process. This design is appropriate because all three branches are 
encoded within the same pretrained CLIP embedding space and produce fixed-length global repre
sentations with matched dimensionality. Consequently, the model does not need to learn alignment 
between heterogeneous feature spaces or fine-grained token-level correspondences. More complex 
mechanisms (Ateş and Yurtsever 2026), such as cross-attention, bilinear fusion, or mixture-of-experts 
routing, would introduce substantially greater model capacity and may increase the risk of overfitting 
given the scale of the current benchmark. This module can be formulated as 
fFusion ¼ g fCS �ð Þ; fVG �ð Þ; fMD �ð Þð Þ.
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In the step of model fine-tuning, the prediction head first employs a parametric cluster layer (DINO-head) (E. 
Wang et al. 2025) to facilitate model optimization (Step 1 in Figure 3(a)). While in the step of deploying the 
final model, a semi-supervised K-Means++ algorithm replaces the parametric clustering layer (Step 2 in 
Figure 3(a)). This modification is made to address the challenges posed by scalable data samples and novel 
classes. The non-parametric clustering method is characterized by its capacity to adapt to the number of 
clusters without the necessity of re-training, which aligns with the requirement of the step of deploying final 
model.

3.3 Urban-morphotype-aligned strategy for fine tuning

We implement a fine-tuning strategy that simultaneously enhances the capability of learning morphological 
representations and aligning the representations with existing morphotypes. It aims to transfer the original 
generalizability of AnyMor-VLM to urban morphology domains. This strategy achieves the urban- 
morphotype-aligned capability by using supervised learning objectives while enhancing the morphological 
representation learning by using unsupervised learning objectives, as illustrated in the optimization objec
tives of Figure 3(b). Furthermore, the vision-language alignment learning objective is added into the strategy 
to integrate the trainable conceptual-semantic and visual-geometric representations. Last but not least, 
mean-entropy maximization regularization is integrated into the multiple objectives to avoid degenerate 
predictions.

For any module mentioned above, the input data xi from any mini-batch B is processed into its 
corresponding representation zi and the probability distribution pi of the prediction results. Supervised 
learning is comprised of two components: traditional supervised classification, which targets the pre
dicted probability distribution, and contrastive learning, which targets the representations. The classifica
tion component employs the cross-entropy loss H �ð Þ, the most commonly used loss function for multi- 
class classification problems. The loss function for supervised learning can be formulated as follows. 

where σ �ð Þ refers to the softmax function and H yijjσ pi; τð Þð Þ indicates the cross-entropy term between the 
ground-truth label yi and the prediction result σ pi; τð Þ. BL and τ represent the labeled subset of B and the 
temperature. Supervised contrastive learning aims to minimize the distance between the representations zi 

and zp of data with the same label (Khosla et al. 2020). Its loss function is formulated as: 

where Pi refers to the set of the samples with the same label except sample i. za indicates any representations 
except sample i in BL. In summary, the loss function of supervised learning is stated as Lsuper ¼ Ls� cls þ Ls� con.

Unsupervised learning involves the random cropping of two views, xi and xi
0

, from any given figure- 
ground map. This process yields corresponding representations, zi and zi

0

, as well as the corresponding 
probability distributions for the prediction results, pi and pi

0

. Subsequently, it involves two kinds of techni
ques, including unsupervised clustering learning and unsupervised contrastive learning. Unsupervised 
clustering learning clusters the results of all two-view data in mini-batch B based on their probability 
distributions (Wen, Zhao, and Qi 2023) and employs a self-distillation loss, as follows. 

While the unsupervised contrastive learning employs a self-supervised strategy to minimize the 
distance between the representations of two views (X. Liu et al. 2023), with its loss function 
stated as: 
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Furthermore, a mean-entropy maximization regularization term Hð�pjj�pÞ is used for unsupervised learning 
to avoid degenerate predictions, such as cluster collapse, imbalance, or constant outputs (Assran et al. 2022). 
�p ¼ 1

2 Bj j

P

i2B
σ pi

0

=τ
� �

þ σ pi=τð Þ
� �

indicates the mean softmax probability of the two-view data’s probability 

distributions. In summary, the unsupervised learning loss function Lunsuper ¼ Lu� cls þ Lu� con � εH �pð Þ, where ε 
is the weight of the mean-entropy maximization regularization term and is usually set to 1.

The trainable conceptual-semantic branch fCS �ð Þ, the visual-geometric branch fVG �ð Þ, and the fusion 
module of the triple branches fFusion �ð Þ, all employ corresponding loss functions from supervised and 
unsupervised learning. They can be formulated as a set 

LCS ¼ λLCS
super þ 1 � λð ÞLCS

sunuper; LVG ¼ λLVG
super þ 1 � λð ÞLVG

sunuper; LFusion ¼ λLFusion
super þ 1 � λð ÞLFusion

sunuper

n o
, where λ is 

the supervision weight.
In addition, cross-modal alignment loss function Lcross is set to keep consistency between the trainable 

conceptual-semantic branch fCS and visual-geometric branch fVG (E. Wang et al. 2025). The Kullback–Leibler 
divergence DKL is used to calculate mutual information for the two branches. 

where P represents the prototypes of all the categories with labels. Here, the prototypes are the mean 
representations of the samples with the same labels.

In summary, the overall loss function L consists of the loss function of conceptual-semantic branch LCS, 
visual-geometric branch LVG, fusion of the triple branches LFusion as well as the cross-modal alignment loss 
Lcross, i.e. L ¼ LCS þ LVG þ λfusionLFusion þ Lcross. The weight λfusion for LFusion is set to 2 according to the result of 
parameter sensitivity analysis shown in Figure S4.

3.4 Semi-supervised K-Means++ for scalable label systems

During the final model deployment phase, the corresponding morphological representation can be calcu
lated for any new input figure-ground map from the world via the fine-tuned AnyMor-VLM. These new 
representations from the world are then compared with the existing representations of known urban 
morphotypes in the dataset D.

The semi-supervised K-Means++ algorithm is used to compare the new representations with the existing 
representations. It initially computes the labeled centres of clusters from the representations of the dataset D 
with the labels of known morphotypes, while randomly generates unlabeled centres for unknown morpho
types. And then the cluster centres are iteratively updated in a manner of the traditional K-Means algorithm. 
Once the algorithm converges, the new representations are categorized into known morphotypes when 
they align more closely with the labeled centres, or into a novel morphotype when they maintain distance 
from all the labeled centres (Vaze et al. 2022).

Determining the number of clusters. This study uses the combination of cluster accuracy and visual 
analytics to determine the value of K in the final model deployment phase. Due to the absence of labels 
in all the new representations, it is challenging to determine K for the semi-supervised K-Means++ 
algorithm. In this case, the solution is twofold. 1) In accordance with the GCD paradigm (Vaze et al.  
2022), the optimal K is determined by evaluating the clustering accuracy for the dataset D with the labels 
denoting known morphotypes. This approach guarantees the accurate classification of data characterized 
by known morphotypes. 2) We propose using visual analytics techniques, i.e. dimensionality reduction 
methods to determine K. This study applies the method of Uniform Manifold Approximation and 
Projection (UMAP) to project the morphological representations into a two-dimensional embedding 
space (Becht et al. 2019). Subsequently, the number of clusters can be visually observed in the two- 
dimensional embedding space. The final determination of K is contingent upon the consideration of 
these two results.
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3.5 Accuracy assessment

In accordance with the GCD paradigm (Vaze et al. 2022), classification accuracy is evaluated using 
a clustering accuracy via the Hungarian algorithm. As a well-established combinatorial optimization proce
dure, the Hungarian algorithm determines the optimal one-to-one assignment between predicted cluster 
indices and ground-truth class labels, thereby resolving the label-permutation ambiguity inherent in 
unsupervised and semi-supervised clustering. Given the ground truth labels yi and the model’s predictions 
ŷi, the clustering accuracy is defined as follows. 

where p is the optimal permutation that matches the ŷ to y in the clustering context.
To provide a more comprehensive evaluation, we further adopt two metrics that are widely used in the 

clustering research, i.e. the Adjusted Rand Index (ARI) and Normalized Mutual Information (NMI). ARI assesses 
clustering quality by considering all pairs of samples and comparing their relative relationships under the 
ground-truth partition and the predicted partition (Chacón and Rastrojo 2023). For any pair of samples, four 
mutually exclusive cases can be distinguished:

● SS (Same–Same): the two samples belong to the same class in the ground truth and are also assigned to 
the same cluster in the prediction (correct agreement).

● DD (Different–Different): the two samples belong to different classes in the ground truth and are 
assigned to different clusters in the prediction (correct disagreement).

● SD (Same–Different): the two samples share the same ground-truth class but are assigned to different 
predicted clusters (incorrect disagreement).

● DS (Different–Same): the two samples belong to different ground-truth classes but are assigned to the 
same predicted cluster (incorrect agreement).

Based on these four cases, the Rand Index is defined as: 

To ensure that the expected score under random label assignment is centred at zero, ARI corrects the 
Rand Index for chance by subtracting its expectation and normalizing by the maximum attainable value: 

ARI takes values in [−1,1], where 1 denotes a perfect match with the ground truth, 0 corresponds to 
a partition no better than random assignment, and negative values indicate agreement worse than expected 
by chance.

NMI, in contrast, is grounded in information theory and quantifies the reduction in uncertainty about the 
predicted labels once the ground-truth labels are known (and vice versa) (K. Cao, Brbic, and Leskovec 2022). 
Its equation involves two fundamental quantities:

● Mutual Information I y;byð Þ: the amount of information shared between the ground truth labels y and 
the predicted labels ŷ.

● Entropy H yð Þ, H byð Þ: the uncertainty inherent of the ground-truth and predicted label distributions, 
respectively.

The equation for NMI is as follows: 

10 D. CHEN ET AL.



NMI ranges from 0 to 1, with 1 indicating that the predicted partition perfectly recovers the ground-truth 
partition and 0 indicating that the two labelings are statistically independent.

ARI and NMI provide extra complementary perspectives on the evaluation of open-world urban morphol
ogy classification. ARI is robust against inflated scores caused by random noise and is therefore well suited 
for verifying that improvements are not attributable to chance, whereas NMI is more sensitive to clustering 
quality when class sizes are highly imbalanced. Using the Hungarian-matched clustering accuracy, ARI, and 
NMI in conjunction thus enables a more balanced and reliable assessment of the proposed method.

4. Experiments and analyses

4.1 Experimental setup

● Data collection and Benchmark

The way of data collection for figure-ground maps involves the extraction of urban morphological elements 
(building footprints and streets) from the open-source OpenStreetMap. These features are then converted 
into binary images, with white representing the morphological elements and black representing the other. 
Each figure-group map has been set to a resolution of 400 × 400 metres, in accordance with the setting 
delineated in (Fleischmann, Feliciotti, and Kerr 2022). The 400 m × 400 m observation window is an experi
mental sampling unit used to standardize spatial extent, image dimensions, and visual resolution across the 
benchmark, which does not correspond to an internally homogeneous morphological region.

Guided by the proposed paradigm, we also establish an operational benchmark to evaluate category 
discovery within the operational reference system. In accordance with the subdivision in urban morphotypes 
across historical periods, this study sets six well-established types of urban form as the initial morphotypes as 
well as the ground-truth labels (Figure 4), i.e. ‘pre-industrial city’, ‘industrial city’, ‘garden city’, ‘modernist 
planning’, ‘neo-traditional planning’, and ‘informal settlements’. The corresponding representative areas for 
these six urban morphotypes are adopted from the 42 cases collected worldwide by Fleischmann, Feliciotti, 
and Kerr (2022), which provides a methodological foundation for systematic of urban form (Table S1). 
However, the six morphotypes should be understood as a historically informed and operational reference 
typology. They provide recognizable reference patterns for evaluating whether a category-discovery model 
can retain established morphological knowledge while identifying categories withheld from training (Table 
S2). Some categories originate from urban design and planning traditions that were initially formulated 
primarily in European and North American contexts, whereas all of them refer to recurrent geometry patterns 
observed across different geographical settings. They therefore do not necessarily share the same historical 
or conceptual origin.

To expand the sample size, 100 points for each case were randomly sampled within a 5-kilometre radius of 
the 42 representative areas (Figure S1). Subsequently, these samples were subjected to a screening process 
by domain experts through visual interpretation, with the objective of selecting those that exhibited 
analogous morphological characteristics. The details of the data-screening procedure can be found in 
Section S1 Details of data labeling in the Supplementary Materials. After inter-rater reliability testing (Table 
S3; Appendix A), 2,414 samples with 6 urban morphotypes ultimately resulted in the construction of an 
urban morphotype benchmark. The number of samples per morphotype ranged from 336 to 459. The 
benchmark labels have heterogeneous conceptual provenance (Table 1). To avoid treating planning para
digms, historical formations, and settlement conditions as ontologically equivalent, each morphotype is 
operationalized through its observable figure-ground manifestation.

In the model development phase, the urban morphotype benchmark is partitioned into three subsets, i.e. 
DL, DU , DT . To emulate realistic conditions in which known morphotypes are typically outnumbered by 
unknown ones, we adopt a class-ratio configuration of 2:2:2 across the three subsets. Under this setting, the 
model can only perceive the labels from the 2 classes as the known morphotypes, whereas the other four 
classes remain unknown throughout training. The assignment of morphotypes to the 2:2:2 partition is 
generated at random and repeated ten times to mitigate the influence of any particular class configuration 
on model performance. Identical random assignments are applied consistently across all competing models 
to ensure a fair comparison.
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In the final deployment phase, all six morphotypes were used to train the full model, yielding a cross- 
regional proof-of-concept classifier based on the AnyMor-VLM framework. To assess its behavior in practical 
settings, we further collected unseen figure-ground maps from four selected regions, i.e. Barcelona (Spain), 
Singapore, Stratton and its surroundings (Australia), and Nairobi (Kenya).

● Implementation details

The dataset D was partitioned into an 80% training set and a 20% testing set (DT ). The training set is further 
comprised of two sets, a 40% labeled set DL, and a 60% unlabeled set DU . Figure-ground maps were treated 
as image inputs, with data augmentation techniques including random cropping and flipping applied. For 
the CLIP model, we employed ViT-B/16. The input text for the CLIP textual encoders is limited to 30 tokens. In 
the conceptual-semantic branch, the CLIP model outputs 512-dimensional semantic representations. 
Consequently, the subsequent linear fully connected projector is configured to accept a 512-dimensional 
input and produce a 768-dimensional output. In the visual-geometric branch, the CLIP visual encoder 
outputs a hidden layer with a dimension of 768. In the map-description branch, the text encoder outputs 
a dimension of 512. In the fusion module, the input dimension of the nonlinear fully connected projector is 
set to [768, 768, 512] to sequentially match the output dimensions of the three branches, with an output 
dimension of 768. Finally, the input dimension for the parametric clustering layer (DINO-Head) used in the 
model development phase is 768. It incorporates a three-layer MLP with a fixed output dimension of 6 to 
match the six urban morphotypes in the benchmark. The temperature values for the loss functions are as 
follows: 1.0 for self-supervised contrastive learning; 0.07 for supervised contrastive learning; 0.1 for super
vised classification; 0.07 for unsupervised clustering; and 0.1 for the mean-entropy maximization regulariza
tion term. The stochastic gradient descent optimizer is used for the joint fine-tuning process with a learning 
rate of 0.01 and a decay weight of 0.00001. All models converged within 70 epochs. The AnyMor-VLM model 
is trained via Intel i9-13900K, and NVIDIA GeForce RTX 4080 (total memory of 16375MB, 76 multi-processors). 

Figure 4. Six urban morphotypes across historical periods. Four representative examples in the urban morphotype 
benchmark are illustrated for each morphotype.
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GPU memory consumption is 16 GB. It processes 24.88 figure-ground maps per second during the model 
training stage, while processing 19.32 figure-ground maps per second during the model inference stage. 
GPT-4o was not called during AnyMor-VLM training or inference. The GPT-4o stage was performed once as 
an offline preprocessing step, using one API request per map and a total of 2,414 requests. Caption 
generation required an average response time of 0.5 s per map, and incurred an API cost of approximately 
$0.003825 per map. The generated descriptions were cached and reused across all model configurations, 
random seeds, and training runs.

● Baselines

To comprehensively evaluate the proposed AnyMor-VLM, we benchmark it against seven baselines spanning 
three methodological categories, namely the random permutation baseline, baselines from urban morphol
ogy, and baselines from GCD.

(1) Random permutation tests are conducted to establish the empirical distribution of random label 
assignments and serve as the most fundamental baseline. The class configuration, test sample distribution, 
and random seed are held identical to those of the proposed model, thereby ensuring an equivalent input 
setting. The predictions of the proposed model are then randomly permuted, and this permutation 
procedure is repeated 1,000 times for each input configuration. The mean and standard deviation of the 
resulting evaluation metrics are reported as the chance-level reference.

(2) Regarding the baselines from the field of urban morphology, we select two classic methods for urban 
form clustering, including urban morphometrics and autoencoder, as follows.

Urban morphometrics constitutes a widely adopted quantitative approach to the study of urban form 
(Oliveira and Porta 2025). Through a set of theory-driven morphological indicators, it enables the character
ization of urban form across scales, from overall spatial patterns to fine-grained local details. Recent studies 
have demonstrated its effectiveness in distinguishing urban forms across large geographical extents and 
diverse historical layers (Arribas-Bel and Fleischmann 2022; Fleischmann et al. 2022, 2026). This baseline 
adopts an advanced morphometric set specifically designed for cross-national clustering of urban form 
(Fleischmann et al. 2026), comprising 59 indicators that jointly capture buildings, streets, and enclosed 
tessellation cells at small, medium, and large scales. The indicators are standardized and treated as feature 
representations of the input data. These representations replace the AnyMor-VLM morphological represen
tations illustrated in Figure 3(a) and are subsequently fed into the semi-supervised classification pipeline, 
thereby ensuring methodological comparability across baselines.

Autoencoder represents a foundational approach in representation learning for urban form (Moosavi  
2022), and pioneered the automated study of urban form at the global scale. This baseline replicates the 
original Autoencoder architecture, which comprises five convolutional encoder layers with 15, 15, 15, 10, 
and 10 kernels of size 5 × 5, each followed by a ReLU nonlinearity, together with five deconvolutional 
decoder layers of symmetric configuration. Two fully connected layers bridge the encoder and decoder 
to the latent representation. The Autoencoder is trained on DL [DU , and the learned representations are 
subsequently input into the semi-supervised classification module for comparison with the other 
methods.

(3) Regarding the baselines from the field of GCD, we collect one baseline and three state-of-the-art under 
the common CLIP representation framework from the GCD literature. This controlled design isolates 
differences arising from the category-discovery strategy and from the proposed map-description branch.

Pre-trained CLIP serves as the base method, integrating the pre-trained CLIP visual encoder for repre
sentation extraction from figure-ground maps with a semi-supervised K-Means++ algorithm for classification 
(Vaze et al. 2022). This baseline reflects the intrinsic representational capacity of the CLIP model.

GCD-CLIP originates from the seminal GCD proposed by Vaze et al. (2022) and is subsequently adapted 
with the CLIP backbone (E. Wang et al. 2025). It applies supervised and self-supervised contrastive learning to 
fine-tune the CLIP representation space, followed by semi-supervised K-Means++ for classification.

SimGCD-CLIP constitutes an enhanced variant of GCD-CLIP (Wen, Zhao, and Qi 2023). While it 
likewise employs supervised and self-supervised contrastive learning based on CLIP, it dispenses with 
the semi-supervised K-Means++ step and instead introduces a parametric clustering layer to jointly 
guide the fine-tuning of the CLIP backbone.
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GET is a pioneering model that leverages semantic information encoded in category names (E. Wang et al.  
2025). It comprises two branches: a visual branch and a semantic branch. The semantic branch exploits 
category names from the labeled data and generates pseudo-label semantics directly from images, while the 
visual branch fine-tunes the final module of the CLIP visual encoder. Building upon SimGCD-CLIP, GET further 
incorporates supervised classification learning, unsupervised clustering learning, and cross-modal alignment 
learning into a unified training strategy.

4.2 Model performance

We benchmarked AnyMor-VLM against a set of baselines and state-of-the-art methods, with the aggregate 
results summarized in Table 2. Four principal observations emerge from this comparison.

(1) Traditional expert-designed morphological indicators remain an effective baseline in the novel 
evaluation paradigm. Among the baselines from the field of urban morphology, the classical urban 
morphometrics approach yields solid and stable performance, improving OA by 24.05% points, ARI by 
0.216, and NMI by 0.287 relative to a random-permutation reference. In contrast, the autoencoder is 
markedly less competitive. Although it exhibits low standard deviations across the three evaluation 
metrics, its mean performance lags substantially behind urban morphometrics. This contrast under
scores the robust generalization afforded by hand-crafted morphological descriptors.

(2) Pre-trained CLIP offers competitive general-purpose representations. Under identical experimental 
settings, the off-the-shelf representations produced by pre-trained CLIP are on par with the strongest 
baseline from urban morphology. While its OA is roughly on par with that of urban morphometrics, 
CLIP surpasses the latter in both ARI and NMI. This suggests that pre-trained CLIP models already 
encode features that discriminate among urban morphotypes to a non-trivial extent, and that large 
foundation models constitute a promising avenue for quantitative urban morphology research.

(3) The GCD technique substantially advances the open-world urban morphology classification. Although 
originally developed for natural-image recognition, the three GCD methods evaluated here stably 
outperform both the urban-morphology baselines and pre-trained CLIP across supervised, 

Table 2. Performance comparison of AnyMor-VLM with the baselines and state-of-the-art methods under 
the 2:2:2 setting in the model development phase. Means and standard deviations are computed over 10 
random 2:2:2 configurations. Bold values denote the best performance, and underlined values indicate 
the second-best.

Methods OA% ACCL% ACCUL % ACCnovel %

Random 21.56 ± 0.95 22.49 ± 5.17 20.34 ± 5.94 21.38 ± 5.48
Morphometrics 45.61 ± 2.49 61.35 ± 12.73 40.31 ± 18.78 33.38 ± 17.75
Autoencoder 35.55 ± 0.76 38.91 ± 7.15 31.58 ± 13.28 35.28 ± 6.64
Pre-trained CLIP 45.34 ± 2.08 45.37 ± 12.92 51.68 ± 18.85 39.47 ± 17.60
GCD-CLIP 62.77 ± 6.32 75.11 ± 17.66 67.66 ± 18.89 43.13 ± 17.99
SimGCD-CLIP 61.24 ± 5.65 68.19 ± 15.08 64.67 ± 22.10 49.07 ± 15.78
GET 62.34 ± 2.85 77.78 ± 14.91 66.32 ± 20.71 41.47 ± 17.22
AnyMor-VLM (ours) 64.87 ± 3.62 74.05 ± 12.56 70.67 ± 21.75 48.35 ± 16.10

ARIoverall ARIL ARIUL ARInovel
Random 0 ± 0.003 0 ± 0.007 0 ± 0.007 0 ± 0.007
Morphometrics 0.216 ± 0.023 0.370 ± 0.153 0.305 ± 0.210 0.214 ± 0.128
Autoencoder 0.120 ± 0.007 0.155 ± 0.107 0.124 ± 0.070 0.116 ± 0.080
Pre-trained CLIP 0.246 ± 0.019 0.291 ± 0.067 0.345 ± 0.129 0.218 ± 0.113
GCD-CLIP 0.427 ± 0.080 0.640 ± 0.227 0.505 ± 0.184 0.308 ± 0.134
SimGCD-CLIP 0.437 ± 0.065 0.610 ± 0.057 0.594 ± 0.154 0.276 ± 0.165
GET 0.441 ± 0.041 0.693 ± 0.056 0.546 ± 0.167 0.317 ± 0.177
AnyMor-VLM (ours) 0.465 ± 0.055 0.613 ± 0.101 0.663 ± 0.172 0.296 ± 0.191

NMIoverall NMIL NMIUL NMInovel
Random 0.015 ± 0.004 0.013 ± 0.008 0.014 ± 0.009 0.014 ± 0.009
Morphometrics 0.302 ± 0.019 0.349 ± 0.162 0.302 ± 0.157 0.244 ± 0.109
Autoencoder 0.217 ± 0.010 0.220 ± 0.152 0.200 ± 0.117 0.193 ± 0.122
Pre-trained CLIP 0.319 ± 0.012 0.264 ± 0.057 0.337 ± 0.097 0.228 ± 0.096
GCD-CLIP 0.493 ± 0.078 0.583 ± 0.212 0.486 ± 0.157 0.294 ± 0.116
SimGCD-CLIP 0.520 ± 0.057 0.586 ± 0.060 0.571 ± 0.129 0.277 ± 0.137
GET 0.512 ± 0.035 0.610 ± 0.066 0.528 ± 0.136 0.313 ± 0.138
AnyMor-VLM (ours) 0.540 ± 0.048 0.582 ± 0.094 0.632 ± 0.146 0.301 ± 0.169
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unsupervised, and novel-classes regimes. Specifically, the GCD family attains OA scores in the 61–63% 
range, exceeding pre-trained CLIP and urban morphometrics by 16–19% points. For novel classes, 
SimGCD-CLIP, GET, and GCD-CLIP secure either the best or the second-best results on ACC, ARI, and 
NMI. These results provide evidence that GCD techniques improve the recognition of established 
morphotypes and the discovery of held-out morphotypes under the evaluated benchmark protocol.

(4) AnyMor-VLM delivers the best overall performance. The proposed AnyMor-VLM achieves the highest 
OA, ARI, and NMI on the urban-morphotype benchmark. Relative to the second-best GCD method, 
AnyMor-VLM improves OA by 2.10–2.53% points, ARI by 0.024, and NMI by 0.020, while also exhibiting 
lower standard deviations. Its most pronounced advantage lies in the unlabeled-class metrics, where it 
outperforms the runner-up by 3% points in accuracy, 0.069 in ARI, and 0.161 in NMI. It further ranks 
within the top three across all novel-class metrics. Collectively, these findings indicate that AnyMor- 
VLM comprehensively outperforms both urban-morphology and GCD baselines in the urban- 
morphotype benchmark.

To interrogate the contribution of each component, we conducted a series of ablation experiments over 
the three branches of AnyMor-VLM (Table 3). Within the task of open-world urban morphology classifica
tion, the visual-geometric branch emerges as the dominant contributor, achieving the highest OA, ARI, 
and NMI among the three single-branch variants. This is consistent with the underlying objective of the 
task, namely, to recognize the geometric regularities of urban form from figure-ground maps in order to 
differentiate urban morphotypes. The conceptual-semantic branch ranks second, corroborating the 
effectiveness of CLIP’s cross-modal alignment in coupling figure-ground representations with the lexical 
semantics of morphotype labels.

The map-description branch functions primarily as a source of complementary information. Taken alone, 
it exhibits limited discriminative power (OA = 29.81 ± 2.68%). We attribute it to two factors. 1) The generated 
descriptions tend to capture attributes that are too generic to be uniquely mapped onto specific morpho
types, and 2) a small fraction of descriptions contain factual inaccuracies (Figure S2). This low level of 
accuracy gives rise to a structural mismatch in the Hungarian clustering evaluation algorithm, thus resulting 
in its failure when calculating the accuracy for subsets. This indicates that map descriptions alone are 
insufficient to disambiguate the full set of urban morphotypes. Nevertheless, fusing this branch with the 
other two yields a substantial and stable improvement, reaching the highest OA of 64.87%, ARI of 0.465, and 

Table 3. Ablation study of AnyMor-VLM with and without (w/o) each of its three branches, namely 
the conceptual-semantic (cs) branch, the visual-geometric (VG) branch, and the map-description 
(MD) branch. Means and standard deviations are computed over ten random 2:2:2 configurations. 
Bold values denote the best performance, and underlined values indicate the second-best.

Methods OA% ACCL% ACCUL % ACCnovel %

CS-branch 52.01 ± 5.52 68.88 ± 26.49 43.75 ± 15.35 40.29 ± 14.07
VG-branch 61.24 ± 5.65 68.19 ± 15.08 64.67 ± 22.10 49.07 ± 15.78
MD-branch 29.81 ± 2.68 – – –
w/o CS-branch 64.02 ± 3.40 73.06 ± 15.84 70.82 ± 24.42 46.71 ± 15.53
w/o VG-branch 57.89 ± 5.89 70.72 ± 11.60 58.35 ± 22.88 43.64 ± 15.63
w/o MD-branch 62.05 ± 3.45 69.57 ± 13.03 68.86 ± 22.03 46.69 ± 16.25
AnyMor-VLM 64.87 ± 3.62 74.05 ± 12.56 70.67 ± 21.75 48.35 ± 16.10

ARIoverall ARIL ARIUL ARInovel
CS-branch 0.320 ± 0.041 0.619 ± 0.082 0.245 ± 0.062 0.228 ± 0.132
VG-branch 0.437 ± 0.065 0.610 ± 0.057 0.594 ± 0.154 0.276 ± 0.165
MD-branch 0.071 ± 0.019 0.220 ± 0.111 0.099 ± 0.122 0.205 ± 0.165
w/o CS-branch 0.459 ± 0.055 0.627 ± 0.119 0.675 ± 0.184 0.303 ± 0.174
w/o VG-branch 0.373 ± 0.066 0.562 ± 0.063 0.404 ± 0.262 0.247 ± 0.153
w/o MD-branch 0.445 ± 0.053 0.598 ± 0.065 0.625 ± 0.170 0.296 ± 0.190
AnyMor-VLM 0.465 ± 0.055 0.613 ± 0.101 0.663 ± 0.172 0.296 ± 0.191

NMIoverall NMIL NMIUL NMInovel
CS-branch 0.389 ± 0.042 0.510 ± 0.092 0.306 ± 0.086 0.242 ± 0.118
VG-branch 0.520 ± 0.057 0.586 ± 0.060 0.571 ± 0.129 0.277 ± 0.137
MD-branch 0.137 ± 0.040 0.207 ± 0.109 0.106 ± 0.190 0.193 ± 0.143
w/o CS-branch 0.535 ± 0.051 0.603 ± 0.089 0.637 ± 0.165 0.303 ± 0.151
w/o VG-branch 0.440 ± 0.060 0.511 ± 0.051 0.389 ± 0.220 0.255 ± 0.118
w/o MD-branch 0.531 ± 0.051 0.589 ± 0.048 0.600 ± 0.155 0.300 ± 0.162
AnyMor-VLM 0.540 ± 0.048 0.582 ± 0.094 0.632 ± 0.146 0.301 ± 0.169
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NMI of 0.540. Consequently, the utility of the map-description branch is realized in conjunction with the 
visual-geometric and conceptual-semantic branches.

4.3 Discovering known and unknown urban forms worldwide

We deployed the AnyMor-VLM to cities or regions in the world to search for unknown urban morphotypes. In 
this phase, the model was retrained with the full set of our benchmark data and attained an overall accuracy 
of 0.853 on the benchmark. We mapped the geographical distribution of urban forms across four regions: 
Barcelona in Spain, Singapore, Stratton Region in Australia, and Nairobi in Kenya.

In the low-dimensional embedding space, the semi-supervised K-Means++ algorithm identified nine 
clusters from the given regions and the benchmark dataset (Figure 5(a)), comprising six known morpho
types and three unknown morphotypes. The unknown type 1 exhibits high spatial density and mixed- 
shape building footprints (incorporating both large and small structures) (A1-3 in Figure 5(b)). By 
applying the attention mechanism of the VLM in the map-description branch, the most important map 
descriptions for the unknown type 1 are ‘mix’, ‘density’, ‘organic’ and ‘planned’ (A4 in Figure 5(b)). Thus, 
we reason that it is a kind of mixed-type dense urban form. The unknown type 2 also exhibits mixed- 
shape building footprints, albeit with moderate spatial density, as evidenced by a greater proportion of 
non-built areas (B1-3 in Figure 5(b)). The keywords of the corresponding map descriptions are ‘mix’, 
‘organ’, ‘dispersed’, ‘suburban’, etc., which suggest that it is a suburban-like mixed and dispersed type (B4 
in Figure 5(b)). The unknown type 3 corresponds to urban forms characterized by the lowest observed 
spatial density, as illustrated in C1-3 in Figure 5(b). These forms are distinguished by the presence of 
sparse buildings and roads. Their keywords identified by the VLM support the pattern, such as ‘low’, 
‘density’, ‘organic’, and ‘rural’ (C4 in Figure 5(b)). Hence, we infer that the unknown type 3 are rural-like 
low-density organic urban forms.

As illustrated in Figure 6, the AnyMor-VLM model successfully identifies both known morphotypes and 
unknown morphotypes in Barcelona and Stratton. The geographic distribution of urban forms in 
Barcelona city reveals its spatial structure (Figure 6(a,b)). At the core of Barcelona’s urban area lies the 
industrial city planning, a design that has gained global recognition (Figure 6(a) Zone Orange). The 
spatial pattern exhibited is of a regular and ordered nature (Figure 6(b)). In the northern region, the 
urban area extends to high-density and partially ordered pre-industrial city planning. In the southern 
suburban areas, numerous urban forms of unknown type 2 are distributed, corresponding to industrial 
land (numerous factories) or urban–suburban transition zones shown in the remote sensing satellite 
imagery. The selection of Stratton and its surrounding areas as the analysis region was due to the 
presence of the renowned urban form of garden city planning. As illustrated in Zone Blue of Figure 6, 
the model effectively identifies the urban form of garden city planning in this area. Furthermore, the 
model identified a substantial number of the unknown type 3 (Zone Green) and a comparatively minor 
number of the unknown type 1 (Zone Red) areas distributed across the region, corresponding to the 
rural and urban areas, respectively.

Furthermore, the three identified unknown urban morphotypes unveil the urban–rural transition in 
Singapore. Figure 7(a) indicates that Singapore is predominantly covered by the urban forms of the three 
unknown morphotypes. Subsequent analysis of their distribution in the low-dimensional representation 
space suggests that the topological proximity of these three unknown types indicates their similar morpho
logical characteristics with gradual transitions along the dashed arrows (Figure 7(b)). The integration of 
geographic distribution with their examples (Figure 7(a,c)) enables the identification of the unknown type 1– 
3 as follows: high-density mixed-use urban areas, medium-density mixed-use urban areas (industrial zones or 
transition zones), and low-density non-urban areas (rural areas or natural land cover within urban areas). This 
reasoning is consistent with the geographical distribution of Singapore’s urban–suburban transition. The 
analyses of urban morphology mapping in two entirely new regions demonstrate the model’s general
izability, unaffected by geographical heterogeneity.

4.4 Applications

● Delineating morphological urban areas
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Figure 5. (a) Visualized clusters of urban morphological representations using UMAP dimensionality reduction technique. 
Six known morphotypes and three unknown morphotypes are shown in different colors. (b) Interpreting the three unknown 
urban morphotypes via calculating the token attention scores of map descriptions. A1-3, B1-3, C1-3 are corresponding 
examples of the three types. A4, B4, C4 show the top 10 important tokens related to spatial layout in the map descriptions. 
Some tokens are interpreted into words by querying the context of the corresponding map descriptions, such as ‘rec’ as 
‘rectangular’.
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The arbitrary urban morphotypes revealed by the AnyMor-VLM model facilitate certain related applications, 
such as morphological urban area delineation. This application involves defining cities and forms the basis of 
many urban studies (Dong et al. 2024). Currently, the mainstream method is to use satellite imagery to 
delineate urban areas by identifying the morphology of human settlements (Taubenböck et al. 2019). This 
study excludes areas of rural forms and defines regions adjacent to the dense urban forms as morphological 
urban areas. Figure 7 shows the morphological urban areas in Singapore generated by the urban forms 
mapped in Figure 7(a). The resultant map is consistent with the reference layer delineating urban and 
suburban areas in Singapore (Blei and Angel 2021), which demonstrates the applicability of our model to this 
task. Furthermore, it enables the identification of internal urban spatial structures of cities (Anas, Arnott, and 
Small 1998). For example, Figure 6(a) illustrates Barcelona’s classic urban structure centered around the 
Cerdà plan (Aibar and Bijker 1997; Santasusagna Riu et al. 2021). This provides a deeper understanding of 
a city’s internal organization.

● Mapping and profiling slums

Another application of the identified urban morphotypes is urban slum mapping. This task is closely linked to 
the sustainable development goal 11 (Tu et al. 2024) and is a key focus of global urban research, especially 
regarding slums in Africa (Büttner et al. 2025; C. Li et al. 2025). Inferring urban slums from urban morphology 
is a common research approach (Kuffer et al. 2024). The proposed model successfully identified slums in 
Nairobi, Kenya. It is notable that data from this region was never included in the training dataset. The model 
distinguished between various forms of urban morphology in the area, including the slums with informal 
urban forms. The geographic distribution of urban morphology in Nairobi reveals four contiguous zones 
featuring informal settlement patterns (Figure 8(a) Zone Grey). Of particular interest are four notable slum 
areas, which were selected as exemplary cases across these contiguous zones, including Kawangware, 

Figure 6. Geographic distribution of the identified urban morphotypes and representative examples in Barcelona, Spain 
(a-b) and Stratton and surrounding areas, Australia (c-d).

ANNALS OF GIS 19



Figure 7. Urban–suburban transition revealed by the three unknown morphotypes in Singapore, whose data are never 
included in the training data. (a) Geographic distribution of urban morphology in Singapore, which shows the urban areas 
(red zone). (b) Urban–suburban transition projected in the low-dimensional space (the dotted line with arrows). (c) 
Examples of the three unknown morphotypes in Singapore, following the pattern of urban–suburban transition. (d) 
Delineating morphological urban areas using the urban morphology map generated by AnyMor-VLM. The reference 
layer of urban and suburban areas is collected from the Atlas of urban expansions (Blei and Angel 2021).
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Figure 8. Mapping and profiling slums in Nairobi, Kenya using the urban morphology map generated by AnyMor-VLM. (a) 
Geographic distribution of urban morphology identified by AnyMor-VLM. Four examples are illustrated, including (b) 
Kawangware – a low-income residential area, (c) Kibera slum – Africa’s largest slum, (d) Korogocho – one of the largest slum 
neighbourhoods of Nairobi. (e) Mukuru – a collection of slums in the city. The demographics in the slum areas and non-slum 
urban areas are analysed by integrating the WorldPop population data with the urban morphology map. The difference 
between the slums and the non-slum urban areas is revealed in terms of (f) the overall population density, (g) the sex 
structure, as well as (h) the age structure.
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Korogocho, Mukuru and the notable Kibera (Africa’s largest slum) (Figure 8(b–e)). Consequently, the model 
demonstrates potential for identifying slums.

The demographics of the slums can be further analyzed by integrating the mapped slum areas with the 
WorldPop population data. The population density in slums is approximately double that of ordinary urban 
areas (Figure 8(f)), revealing the issue of high-density living conditions in these informal urban forms. This 
inequality is reflected rather in the age structure (Figure 8(g,h)). In comparison with non-slum urban areas, 
slums are home to a larger proportion of middle-aged and young people (under 45). This phenomenon may 
be attributed to the absence of upward social mobility within contemporary Nairobi society, a factor that 
hinders the mobility of current and future generations of workforce seeking to escape the slums.

5. Discussion

5.1 Benefits of open-world urban morphology classification

Urban morphology studies face the challenge of identifying unknown urban morphotypes, such as the 
existing but undefined urban forms across the globe, and the evolving future urban forms that are yet to be 
delineated. Whilst traditional urban morphotypes can be comprehensively covered through geometry-based 
typology systems, e.g. the gridiron, radial, organic system (W. Chen, Wu, and Biljecki 2021) or landscape- 
based typology systems, e.g. local climate zones (Zhu et al. 2022), these systems only coarsely characterize 
partial morphological features. They oversimplify the complexity of urban form and lack connections to 
existing urban morphology theories (Fleischmann et al. 2026). A significant number of urban morphotypes 
that are crudely defined as ‘no pattern’ yet actually contain deeper underlying patterns still exist globally. 
Furthermore, as complex adaptive systems, cities are subject to continuous evolution in response to societal 
demands, manifesting in their evolving urban forms. For instance, contemporary urban designers are actively 
pursuing the development of more efficient 15-minute compact city planning, sustainable urban forms, as 
well as smart cities integrating advanced technologies. A static typology system for urban morphology is ill- 
equipped to accommodate these emerging patterns. The central argument of this paper is that the 
introduction of a scalable, open-world typology system for urban morphology is imperative.

Our proposed open-world paradigm requires assessment models to demonstrate classification capabil
ities for known and novel urban morphotypes. Moreover, this work establishes a benchmark for urban 
morphotype under this paradigm, allowing future comparative studies to evaluate the capabilities of 
different models. It is posited that this challenging paradigm has the potential to improve the performance 
of the field of urban morphology classification models.

5.2 Integration of domain-knowledge awareness and data-driven capabilities

This paper argues that evaluating open-world urban forms requires an approach with both domain knowl
edge awareness and data-driven capabilities. Conventional supervised classification methods are developed 
within a framework driven by domain knowledge. However, this framework is susceptible to causing the 
classification methods to fall into the pitfalls of overfitting and local optima. The prevailing unsupervised 
clustering approaches, on the other hand, adopt a data-driven perspective, focusing on the intrinsic 
characteristics of geospatial data itself. However, geospatial data inherently contains high-dimensional 
information, which is mostly irrelevant to urban morphology. For instance, the extracted characteristics 
from figure-ground maps are frequently interpreted as the quantity and distribution of black-and-white 
pixels within an image (Moosavi 2022). Consequently, the data-driven approach needs to integrate domain 
knowledge to prioritize information pertinent to urban morphology.

The domain-knowledge-aware data-driven idea is manifested by several aspects of the proposed AnyMor- 
VLM model. The design of our model emphasizes the characteristics of the data itself while concomitantly 
integrating domain knowledge. The AnyMor-VLM principally accomplishes the data-driven urban morpho
logical feature extraction through unsupervised learning techniques, including the clustering and self- 
supervised contrastive learning objectives. Concurrently, it projects the high-dimensional data features 
onto an urban morphological space of the domain knowledge via supervised learning objective and natural 

22 D. CHEN ET AL.



language-guided representation learning. Furthermore, the multi-objective optimization is applied to inte
grate the two parts and plays a role of balancing the domain knowledge learning and data-feature learning.

Specifically, within the multi-objective optimization, our domain-knowledge-aware data-driven approach 
can be conceptualized as a weighted average of supervised and unsupervised learning. The determination of 
this weighted average is influenced by a hyperparameter λ. Achieving a model capable of recognizing known 
types of domain knowledge and discovering novel types, a nuanced balance is required between the relative 
weights of supervised and unsupervised learning. Consequently, the parameter sensitivity of λ was investi
gated during the model development phase. As illustrated in Figure 9, at a value of λ equal to 0.15 or 0.2, the 
overall accuracy achieves a peak. Moreover, when λ ¼ 0:15, the three accuracies for subsets are found to be 
relatively balanced. Consequently, an unsupervised-dominant, supervised-supplementary configuration is 
observed to yield optimal results, thereby facilitating a domain-knowledge-aware data-driven framework.

5.3 Pros and cons of the map-description branch

The map-description branch provides a modest but consistent improvement. Across the 10 ablation experi
ments, removing this branch reduces OA from 64.87% ± 3.62% to 62.05% ± 3.45%, an absolute decrease of 
2.82% points (Table 3). Improvements are observed for all class groups, reaching 4.48, 1.81, and 1.66% points 
for the labeled, unlabeled, and novel classes, respectively. These results indicate that textual descriptions 
provide complementary morphological cues, although the visual-geometric branch remains the primary 
source of classification and category-discovery performance.

The branch introduces limited trainable complexity because GPT-4o is used only during preprocessing. 
Descriptions are generated once, cached, and encoded through the existing CLIP text encoder; the principal 
architectural addition is therefore the projection of the description representation within the fusion module. 
Nevertheless, the complete pipeline is not cost-free. Caption generation for new samples depends on an 
external multimodal model, entails computational or API costs, and may occasionally produce generic or 
inaccurate descriptions. The map-description branch is lightweight in terms of trainable architecture.

The branch also provides a form of model explainability that is particularly relevant to urban morphology. 
As shown in Figure 5(b), attributes such as density, regularity, and spatial arrangement correspond to 
concepts commonly used by urban morphologists to describe and compare urban forms. The generated 
descriptions therefore provide a human-readable account of the morphological evidence supplied to the 
model. They can be inspected alongside predictions to infer the morphological meanings of novel morpho
types identified by AnyMor-VLM. This interpretability is complementary to the numerical embeddings of the 
visual-geometric and conceptual-semantic branches. However, the branch does not make the complete 
model fully interpretable. Because the three representations are concatenated and transformed through 

Figure 9. Parameter analysis for the weight of supervised learning and unsupervised learning λ.
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a nonlinear fully connected projection, the raw fusion-layer parameters cannot be interpreted as scalar 
importance weights for individual branches. Similarly, although the CLIP text encoder uses an attention- 
based transformer architecture, attention values alone should not be treated as definitive explanations of the 
final prediction. A more rigorous analysis of token- and branch-level contributions remains an important 
direction for future work.

5.4 Limitations and future opportunities

Representational scope. The findings should be interpreted within the scope of binary figure-ground maps. 
In the Conzenian tradition, urban form is historically constituted through the interaction of town plans, 
building fabrics, land and building utilization, and successive morphological periods (Conzen 1960; Moudon  
1997). Figure-ground maps capture only the two-dimensional relationship between built mass and open 
space. They make geometric properties such as density, grain, spacing, orientation, and compactness visible, 
but do not reveal land use, tenure, street hierarchy, infrastructure, historical sequence, or the social processes 
that produced these patterns. Visually similar configurations may therefore arise from different historical and 
institutional trajectories. The categories identified here are geometry-based morphotypes, but not compre
hensive historical-genetic or socio-functional urban types. This restricted representation nevertheless pro
vides a standardized input that can be generated consistently across cities and enables a focused test of 
whether built-open-space geometry alone supports the recognition and discovery of morphotypes (J. Wang, 
Huang, and Biljecki 2024). Excluding place names, coordinates, land-use variables, and other contextual 
information also helps limit location-specific and functional shortcuts. A fuller morphological interpretation 
would require additional evidence, including street and plot evolution, land-use change, building replace
ment cycles, planning histories, and locally grounded knowledge.

Performance. Although AnyMor-VLM outperforms the strongest baseline by 2.10–2.53% points in 
OA, 0.024 in ARI, and 0.020 in NMI, its OA of 64.87% ± 3.62% remains below the longer-term objective 
of reliable global urban-morphology classification. The failure cases reported in Supplementary Section 
S4 and Figure S5 reflect both overlap among geometry-based morphotypes and information loss when 
complex spatial configurations are summarized as short descriptions. The current implementation is 
a proof of concept for applying generalized category discovery to urban morphology. We encourage 
more researchers to explore advanced open-world urban morphology classification methods. Further 
improvements should focus on enhancing the classification capabilities for known categories as well as 
the generalizability for unknown categories. For example, more advanced, pre-trained, large, multi
modal models that can simultaneously accommodate multiple data modalities, such as text, images, 
audio, and video, offer greater potential for advancement due to their stronger general classification 
capabilities.

Taxonomy and scope of contribution. The six categories constitute an operational benchmark taxonomy, 
not a universal typology. Several are rooted in planning and design traditions primarily codified in European 
and North American contexts and may not adequately represent locally specific, hybrid, or transitional forms 
elsewhere. Extending the framework will require culturally broader and hierarchically structured taxonomies, 
geographically balanced validation, community-contributed annotations, and collaboration with scholars 
familiar with regional planning and morphological traditions.

Spatial units. Fixed 400 × 400 m grids provide consistent image dimensions and facilitate controlled 
comparison using pretrained vision-language models. However, morphological legibility depends on the 
size and shape of the analytical unit, and individual cells may contain mixed or transitional forms. The 
assigned label should be interpreted as the dominant visible morphology. J. Wang, Huang, and Biljecki 
(2024) similarly show that no grid size is universally optimal, while recent work on hierarchical morphotopes 
emphasizes spatial continuity, nesting, and scale-dependent morphological character (Fleischmann et al.  
2026). Future studies should examine adaptive or morphology-defined boundaries, hierarchical and multi
scale representations, and soft or multilabel classification. Incorporating building height and other three- 
dimensional information would further distinguish urban fabrics that appear similar in plan but differ 
substantially in vertical structure.

External geographic information. The present study intentionally excludes geographic coordinates, city 
names, case identifiers, and location-aware foundation models because its objective is to learn from 
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morphological geometry. Future work may incorporate contextual variables such as points of interest or land 
use, but such extensions should carefully control location-label correlations introduced by geographically 
clustered sampling and labeling procedures.

Trained GPT-4o. To reduce explicit information leakage from GPT-4o, inputs were anonymized, prompts 
were restricted to visually observable geometry, and the generated descriptions were reviewed for unsup
ported geographic references. No city names, coordinates, or country identifiers were identified, and all 
descriptions are provided in the data repository. Nevertheless, because GPT-4o’s pretraining corpus is not 
publicly auditable, implicit recognition or memorization of characteristic urban patterns cannot be comple
tely excluded. Future evaluations should compare model-generated descriptions with independently pro
duced expert descriptions and with open or domain-specific captioning models.

Potential geographic biases. The results are also conditioned by the geographic coverage of the bench
mark, the uneven completeness of OpenStreetMap, and biases inherited from Internet-scale pretrained 
models. OSM provides an openly licensed and comparatively consistent source of building footprints, but its 
completeness and positional accuracy vary across regions, particularly in rapidly changing and resource- 
constrained areas (Herfort et al. 2023). Although participatory mapping can achieve high completeness in 
some informal settlements (Yeboah et al. 2021), observed regional differences may still partly reflect 
mapping practices rather than urban morphology alone. Future pipelines should combine OSM with 
satellite-derived building footprints and explicitly propagate data-quality uncertainty. CLIP and GPT-4o 
may also reflect uneven geographic, linguistic, and cultural representation in their training corpora. 
Anonymizing the inputs reduces explicit geographic dependence but cannot eliminate biases embedded 
in pretrained representations. Consistent with Drici and Carpio-Pinedo (2025), future work should prioritize 
geographically stratified evaluation, locally grounded morphotype development, improved representation 
of informal and data-poor urban conditions, and sustained participation by regional experts.

6. Conclusion

This study first introduces an evaluation paradigm for open-world urban morphology classification and 
a benchmark dataset to assess the model performance on both known and unknown urban morphotypes. 
Under this paradigm, overall accuracy is divided into three distinct measures, i.e. labeled-class accuracy, 
unlabeled-class accuracy, and novel-class accuracy, to evaluate model performance across different classes 
according to label availability.

Driven by this challenging evaluation paradigm, this paper proposes a novel triple-branch frame
work named AnyMor-VLM for open-world urban morphology classification. The innovative framework 
integrates supervised learning guided by natural language and unsupervised learning, thereby endow
ing the model with both domain-knowledge awareness and data-driven capabilities. The model 
incorporates three branches, each characterized by a distinct progressive fine-tuning strategy. These 
strategies facilitate the acquisition of domain-specific knowledge while preserving the model’s existing 
generalizability.

Comprehensive experiments were conducted, showing the superior performance of the proposed 
AnyMor-VLM in comparison to existing state-of-the-art methods on the urban morphotype benchmark 
dataset. It exhibits strong generalizability, enabling its extension to untrained regions for discovery of 
novel categories and analysis of urban form across different geographical contexts. And the two proof-of- 
concept applications, urban area delineation and slum mapping, demonstrate the effectiveness of the 
mapped urban morphotypes.

This work demonstrates the feasibility of bridging the current gap between existing artificial general 
intelligence technologies and complex domain knowledge. On the one hand, it proactively introduces new 
AI techniques into the realm of classic urban morphology research, thereby stimulating the discovery of 
novel domain knowledge. Conversely, it propels global urban studies in close conjunction with urban 
morphology, thus facilitating further exploration and advancing the realization of urban design for sustain
able development.
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