
AI translation ・View original & related papers at
chinarxiv.org/items/chinaxiv-202001.00077

Machine Learning-Based Classification and Pre-
diction of Residential Building Architectural
Styles
Authors: Xia Bing, Shi Hui, Chen Sichong, Chen Jiamei, Li Xin, Xia Bing

Date: 2020-01-08T17:04:19+00:00

Abstract
[Purpose] This paper proposes a method for the classification and prediction
of residential property styles, building upon a review of existing research on
architectural form styles.

[Method] Through structured interviews and questionnaire surveys with front-
line designers and project planners, the study identifies key formal elements
that influence architectural style, as well as site economic factors that may af-
fect style positioning. Based on machine learning (including cluster analysis,
correspondence analysis, and discriminant analysis, etc.), data analysis is con-
ducted on 372 cases of new residential properties in Hangzhou from the past
decade.

[Results] The study reveals that currently common property styles can be clas-
sified into eight major categories; the most important formal elements for style
classification are the presence or absence of curves in form, roof form, and color
tone richness; while building height is the site economic factor with the greatest
influence on residential style. Inputting the selected five site economic factors
into a neural network model for training to predict formal variables and style
categories yields an average accuracy of 77.2%.

[Limitations] If the machine learning classification methods adopted in this
study could be further combined with and validated against research on human
perception of different styles, the conclusions would be more comprehensive and
possess greater practical application value.

[Conclusion] The conclusions of this study can assist project designers and plan-
ners in enhancing the scientific rigor of architectural style selection and posi-
tioning.
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Abstract:
[Objective] Based on a review of existing architectural style research, this pa-
per proposes a method for the classification and prediction of residential building
styles. [Methods] Through structured interviews and questionnaire surveys of
front-line designers and project planners, the study identifies key morphologi-
cal elements that influence architectural style classification and positioning, as
well as site economic factors that may affect style determination. Using ma-
chine learning techniques (including cluster analysis, correspondence analysis,
and discriminant analysis), the study analyzes data from 372 newly built res-
idential projects in Hangzhou over the past decade. [Results] The research
finds that contemporary residential styles can be categorized into eight major
types. The most important morphological elements for style classification are
the presence of curved forms, roof type, and color richness, while building height
is the most influential site economic factor affecting residential style. When five
selected site economic factors are used to train a neural network model for
predicting morphological variables and style categories, the average accuracy
reaches 77.2%. [Limitations] If the machine learning classification method em-
ployed in this research could be further combined with and validated against
studies of human perception of different styles, the conclusions would be more
comprehensive and practically applicable. [Conclusions] The findings of this
study can help project designers and planners improve the scientific basis for
architectural style selection and positioning.

Keywords: Architectural style; Machine learning; Classification; Prediction;
Residential buildings; Statistical analysis

Style serves as the signature of architecture, reflecting its morphological charac-
teristics and cultural connotations [1][2][3][4], and constitutes an essential aspect
of architectural design. Architectural style manifests across multiple dimensions,
including exterior form, spatial composition, color schemes, material selection,
and interior environments [5][6][7][8]. Among these, the external stylistic expres-
sion not only reveals a building’s function, value, and cultural background [9],
but also represents a critical element through which people perceive and evalu-
ate cities [10]. Consequently, in residential project planning, the positioning of
architectural appearance and stylistic expression is of paramount importance,
requiring comprehensive consideration of historical context, regional character-
istics, environmental coordination, and other factors.

chinarxiv.org/items/chinaxiv-202001.00077 Machine Translation

https://chinarxiv.org/items/chinaxiv-202001.00077


However, in practice, style determination remains complex and ambiguous.
First, the concept of style is inherently subjective [11][12], and the question
of how specific morphological elements combine to constitute a particular style,
as well as how different style categories are distinguished, lacks complete scien-
tific rigor in architectural design. In other words, both the constituent elements
of style and classification methods involve uncertainty [13]. Second, stylistic ex-
pression is influenced by numerous external conditions [14][15], yet no scientific
methodology has been established for selecting appropriate style types based
on different design constraints. Moreover, in real design scenarios, styles are of-
ten hybridized. Residential building styles, in particular, differ from historical
styles, appearing more flexible, diverse [16], and heavily influenced by commer-
cial factors [17]. Many projects fail to exhibit characteristics consistent with
their nominal style [18][19], creating confusion that hinders professional commu-
nication and easily leads to public misunderstanding. To address this, we need
to propose a new research approach to understand the relationships between
morphological elements and different styles, and to assist designers and plan-
ners in creating distinctive and appropriate architectural styles under specific
conditions.

The objectives of this research are: (1) to identify key morphological variables
that constitute residential building styles; (2) to propose a classification method
for residential commercial building styles and compare different styles; (3) to
identify key site economic factors that influence the determination of residential
commercial building styles and assess their correlation with architectural styles
and stylistic variables; and (4) to establish a predictive model for forecasting or
positioning residential building styles.

2. Literature Review
2.1 Overall Analysis of Architectural Style Research

Although style research constitutes an important component of architectural
studies, relatively few scientific papers address this topic. Using the keywords
“architecture” and “style,” we retrieved 489 journal articles and conference pa-
pers from the Web of Science database published before 2019. Employing Cites-
pace software [20] for co-word analysis, combined with critical reading of key
literature, we examined research frontiers, evolutionary paths, and content in ar-
chitectural style studies. The analysis reveals [Figure 1: see original paper] that
research hotspots concentrate on “style characteristics” and “style history,” with
primary content including historical background, morphological features, analyt-
ical comparisons, and subjective evaluations of styles. Methodologically, studies
predominantly employ historical, sociological, typological, and morphological
approaches. Overall, research topics remain fragmented, case data sources are
relatively singular, quantitative research is scarce, and insufficient attention is
paid to style determination issues in design practice.
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2.2 Historical Dimension of Architectural Style

The fundamental styles of architectural art are products of history [21][22],
representing comprehensive expressions of culture, economy, and politics in a
particular region during a specific historical period, and reflecting shared tenden-
cies in formal creation among artists [23]. Basic classification methods for styles
can be organized according to historical eras [24][25], cultural spheres [26][27],
or geographic regions [28][29][30]. For instance, styles categorized by era in-
clude Classicism, Gothic, Renaissance, Rationalism, Art Deco, Modernism, and
others; regional classifications encompass British, German, American, Nordic,
Mediterranean styles, and so forth. Typical identification methods rely on differ-
ences in spatial configuration, details, materials, and construction techniques,
with basic morphological elements (such as roofs, doors, windows, columns,
domes, towers, arches, etc.) serving as the most distinctive features for recog-
nizing architectural styles [31][32][33].

Historical styles are often associated with specific aesthetic meanings. The accu-
mulation of architectural images leads to style formation, with repetition deep-
ening aesthetic perception. Meaning and form continuously reflect each other
in practice, ultimately resulting in their inseparability [34][35]. Architectural
typology [36][37][38], through typological deduction and diagrammatic thinking
processes [39], enables the analysis, refinement, and recombination of stylistic
elements [40][41], thereby achieving critical inheritance of traditional styles.

Nevertheless, such qualitative classification methods inevitably appear subjec-
tive and ambiguous. First, most styles overlap considerably, making differences
difficult to distinguish. For example, both Minimalism and Modernism employ
simple rectangular forms [42], while Baroque and Rococo both feature complex
curves [43]. Second, architectural historians propose different theoretical and
philosophical perspectives on form, such as Constructivism [44], Deconstruc-
tivism [45], and Functionalism [46], without unified standards. Moreover, these
theories do not align with design methods in current engineering practice, as
most residential designs do not follow specific stylistic conventions but rather
borrow and recombine elements from different styles [47]; renowned architects
also tend to create their own distinctive styles.

2.3 Perception of Architectural Style

Style cognition is fundamentally subjective. Studying human visual perception
and evaluation of styles can help urban designers and planners better consider
public preferences for architectural style positioning in urban development
[48]. Through subjective evaluations of various architectural styles—examining
cognitive factors such as clarity, complexity, friendliness, originality, robust-
ness, and meaningfulness [49]—and combining these with cognitive responses
like preference (like-dislike), arousal (awake-drowsy), naturalness (natural-
artificial), and relaxation (relaxed-painful) [50], or even brainwave reactions
[51], key visual elements and their meanings can be identified. Combining
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these elements appropriately—through legibility, coherence, and harmonious
repetition [52][53]—can enhance the image characteristics of a development
project or district. Zhao and Xu [54][55] determined urban architectural styles
through a process of selecting influence factors, assigning factor weights, and
weighted comprehensive overlay, transforming conscious individual perceptions
of architectural style into an unconscious objective existence at the group level.

2.4 Rational Cognition of Architectural Style

Unlike perceptual evaluation studies, shape grammar provides an abstract math-
ematical explanation of style from a geometric perspective [56]. Stiny and
Mitchell [57] defined style analysis as a mathematical set problem. By establish-
ing logical rules for combining stylistic elements (grammar), formal grammars
can not only create new designs but also evaluate style similarity. Duarte’s study
of Siza’s work demonstrates this feasibility [58]. Other researchers have devel-
oped similar analytical techniques, such as using fractal geometry box-counting
methods to assess visual complexity in building facades [59][60][61][62][63], ap-
plying graph theory principles and betweenness centrality metrics to reveal hi-
erarchical structures controlling facade systems [64], and utilizing space syntax
indicators to compare similarities in building plan layouts across different archi-
tectures [65]. Although mathematical analysis models and tools such as fuzzy
inference systems [66], neural networks [67], genetic algorithms [68], and re-
gion segmentation algorithms [69] have been applied to morphological feature
analysis—producing results independent of architects’ experience and intuition
that possess auxiliary reference value—style understanding and evaluation ulti-
mately depend on human subjective judgment. How to combine mathematical
models to aid our understanding of style and integrate subjective judgment with
objective logic represents an important issue in style research. For example, Ba-
naei et al. [70] manually labeled interior space images and used AI algorithms
to group them, achieving classification and comparison of interior architectural
styles from different historical periods. Han [71] explored computational meth-
ods for measuring morphological similarity through expert-weighted similarity
models for image comparison.

3. Methodology
3.1 Research Framework

Compared with previous studies, this research’s innovation lies in its departure
from the operational level of architectural morphological design practice, com-
prehensively employing machine learning techniques to construct a systematic
research framework and propose methods for analyzing, comparing, and predict-
ing residential building styles that are diverse and difficult to define.

The research first reviews existing literature to extract commonly used mor-
phological elements, then uses questionnaire surveys to rank and filter the im-
portance of these elements and site economic factors. Based on 372 residential
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cases built in Hangzhou between 2009-2019, the study forms style categories and
their characteristics through variable assignment, two-step clustering, and cor-
respondence analysis, then employs discriminant analysis to propose methods
for identifying style categories. Additionally, through cross-tabulation analysis,
site economic variables strongly correlated with style variables are used as de-
pendent variables to construct a neural network model exploring the possibility
of style prediction (Figure 2 [Figure 2: see original paper]).

3.2 Structured Interviews and Hypotheses

According to the research framework, the study conducted face-to-face or tele-
phone interviews with 13 practitioners from five Hangzhou institutions (includ-
ing architects from design institutes, project managers from real estate compa-
nies, and university faculty) between May and June 2019. Based on interview
feedback (Table 1 ) and literature review, the research proposes the following
basic hypotheses: (1) Residential design should endow the overall building form
with certain stylistic characteristics; (2) The overall style of residential devel-
opments results from the combined effect of different morphological elements;
and (3) Style formation derives not only from architects’ or project planners’
subjective concepts but is also potentially influenced by objective conditions.

Table 1. Examples of Structured Interview Questions and Summa-
rized Responses

Question Summarized Responses
Is style positioning
important for
developments? / Does
style significantly
influence residential
design? / Do residences
need clear, distinctive
stylistic features?

Interviewees 1, 4, 5: Style positioning is very
important; different styles convey different value
orientations.Interviewees 3, 8: Style positioning
requires careful consideration as it creates the first
impression of a development.Interviewees 10, 12:
Clear, striking, and cohesive stylistic features are
advantageous for project marketing.

How is the overall style
formed? / What
techniques and
strategies do you
generally employ in
stylistic design?

Interviewees 2, 3, 8, 9: Synthesize various visual
morphological elements such as materials, details,
and volumetric forms to create harmonious overall
compositions.Interviewees 1, 8, 11, 12: Reference
excellent cases, extract key morphological features
and compositional rules of corresponding styles,
then adapt and transform them.
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Question Summarized Responses
How is style
determined? / What
external factors
influence style? / What
factors are considered
in style determination?

Interviewees 3, 4: Must integrate with
development positioning, location, and
surrounding environment.Interviewees 5, 6:
Reference and borrow stylistic features from
similar or previously developed projects, then
make fine adjustments based on specific design
conditions.Interviewee 9, 13: Jointly decided by
designers and developers.

3.3 Questionnaire Survey

Based on existing literature, this study compiled 41 elements influencing resi-
dential style (Table 2 ) and, according to in-depth interview results, selected
18 economic factors affecting project style planning (Table 3 ). The study then
conducted an importance survey of the preliminarily selected stylistic morpho-
logical elements and site economic elements. The questionnaire survey was
administered from May 15 to June 10, 2019, and from July 3 to August 6,
2019. A total of 132 questionnaires were distributed, with 113 valid question-
naires retained after excluding invalid responses due to mismatched professional
backgrounds or insufficient work experience, yielding an 85.6% validity rate.
Participants comprised design professionals, real estate planning personnel, and
non-professionals. The questionnaire measured element importance through a
scoring system: “very important” = 2 points, “generally important” = 1 point,
“uncertain” = 0 points. Elements scoring above the average for all three partic-
ipant groups were designated as important.

Table 2. Preliminary Key Morphological Elements

Color and Material: Main material type, color temperature, color lightness,
color richness, material richness, surface smoothness, surface transparency, sur-
face reflectivity, obvious material contrast, double-skin facade

Details: Line form, line material, balcony form, balcony position, balcony
shape, balcony railing form, window opening shape, window opening unifor-
mity, window-to-wall ratio, presence of bay windows, presence of shading de-
vices, shading device form, presence of columns, presence of complex moldings,
presence of decorative patterns, presence of decorative frameworks

Form: Complexity of upper and lower components, plan symmetry, elevation
symmetry, horizontal form graduation, vertical form graduation, form segmen-
tation, roof form, roof complexity, corner treatment, obvious openings, ground-
level pilotis, multi-story composition, presence of podium, podium connectivity

Table 3. Key Economic and Site Factors Influencing Style Positioning

Planning Indicators: Building combination form, site topography, floor area
ratio, building density, height restrictions, green space ratio
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Surrounding Environment: Surrounding building functions, surrounding ar-
chitectural styles, surrounding building density, surrounding building spacing,
presence of large green spaces or water bodies nearby, road hierarchy, trans-
portation convenience, surrounding supporting facilities

Project Characteristics: Development timeline, project location, project
grade positioning, unit type requirements, real estate company size

3.4 Data Collection

Using Python web scraping technology [72], we collected data and photographs
of 1,024 newly built residential developments in Hangzhou from 2009-2019 on
the Anjuke website [73], from which 390 were randomly selected as research
subjects for manual annotation. Annotation was completed by three architec-
ture professionals who received simple training. After excluding samples with
incomplete data, the final sample totaled 372 cases. To ensure annotation objec-
tivity, most options employed a clear binary classification. Detailed annotation
content and assignment rules are shown in Table 4 . Economic data such as
price, location, floor area ratio, building height, density, and green space ratio
were sourced from online platforms including the 5i5j website and Baidu Maps.

Table 4. Assignment Methods for Key Stylistic Morphological Ele-
ments

Category ID Element
Color F4 Color richness
Details D1 Decorative line directionality
Details D7 Presence of complex moldings
Form V1 Form (plan) complexity
Form V2 Presence of curved form (plan)
Form V3 Obvious segmentation
Form V4 Varied roof forms
Form V6 Corner treatment method

3.5 Two-Step Clustering

Compared with traditional clustering methods, two-step clustering (TSC) can
simultaneously accommodate continuous and discrete variables, making it more
suitable for studies with categorical variables. Second, algorithmic improve-
ments enable faster clustering speeds, offering advantages when processing large
samples. Third, TSC genuinely employs statistical measures as distance metrics
for clustering while automatically recommending optimal cluster numbers based
on statistical criteria, rendering classification results more reliable. The TSC
calculation method consists of two main steps:

1) Build a Cluster Feature (CF) tree: The first record in the dataset is
placed in a leaf node originating from the root. Using distance measure-
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ment as a similarity criterion, subsequent records are merged with exist-
ing nodes or generate new nodes based on similarity, recursively building
the cluster feature tree. The distance measurement model employs log-
likelihood similarity, calculated as follows [74]:

𝑑(𝑗, 𝑠) = 𝜉𝑗 + 𝜉𝑠 − 𝜉<𝑗,𝑠>

where 𝜉𝑗 = −𝑁𝑗 (∑𝐾𝐴

𝑘=1
1
2 log(𝜎̂2

𝑘 + 𝜎̂2
𝑗𝑘) + ∑𝐾𝐵

𝑘=1
̂𝐸𝑗𝑘), with 𝐾𝐴 representing the

total number of continuous variables, 𝐾𝐵 the total number of categorical vari-
ables, 𝐿𝑘 the category number of the 𝑘th categorical variable, 𝑁𝑘 the number
of records in class 𝑘, 𝜎̂2

𝑘 the estimated variance of the 𝑘th continuous variable
in the entire dataset, 𝜎̂2

𝑗𝑘 the estimated variance of the 𝑘th continuous variable
in class 𝑗, ̂𝐸𝑗𝑘 the estimated mean of the 𝑘th continuous variable in class 𝑗,
𝑁𝑗𝑘𝑙 the number of records in class 𝑗 for the 𝑙th category of the 𝑘th categorical
variable, 𝑁𝑘𝑙 the number of records for the 𝑙th category of the 𝑘th categorical
variable, 𝑑(𝑗, 𝑠) the distance between classes 𝑗 and 𝑠, and < 𝑗, 𝑠 > the index of
the combined class of 𝑗 and 𝑠.

2) Combine leaf nodes using agglomerative clustering: This produces
a set of clustering solutions with different numbers of clusters. The
Bayesian Information Criterion (BIC) is then used to compare these
solutions and automatically select the optimal number of clusters. The
BIC is calculated as [75]:

BIC = −2 log 𝐿( ̂𝜃) + 𝑚𝑗 log 𝑁

where 𝑁 represents the number of records in the dataset, ∑ 𝜁 is the maximum
value of the likelihood function, and 𝑚𝑗 is the number of model parameters.

3.6 Correspondence Analysis

Correspondence Analysis explains the intrinsic relationships between variables
by analyzing interaction summary data composed of attribute variables, while
simultaneously revealing differences among categories of the same variable and
correspondence relationships between different variables. The advantage of
this method becomes more pronounced as the number of variable categories
increases. The main calculation steps are:

First, given 𝑛 samples with 𝑚 observed variables each, the original data matrix
is (𝑥𝑖𝑗)𝑚×𝑛, where 𝑥𝑖𝑗 represents the 𝑗th variable value of the 𝑖th sample.

Second, row sums 𝑋𝑖, column sums 𝑋𝑗, and total sum 𝑇 are calculated.

Third, the probability matrix 𝑃 of the original data is computed.

Fourth, the data transformation matrix 𝑍 is calculated.
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Fifth, the covariance matrices for variables and samples are computed.

Sixth, R-type factor analysis: Calculate eigenvalues of the variable covari-
ance matrix, 𝜆1 > 𝜆2 > ... > 𝜆𝑚, typically selecting the first 𝑘 eigenvalues
with cumulative contribution > 70%-90%, compute corresponding eigenvectors
𝑢1, 𝑢2, ..., 𝑢𝑘, and obtain the R-type factor loading matrix 𝐹 = [𝐹1, 𝐹2, ..., 𝐹𝑘],
where 𝐹𝑘 = 𝑢𝑘√𝜆𝑘. Q-type factor analysis: For the first 𝑘 eigenvalues
from R-type analysis, compute corresponding eigenvectors of matrix 𝐵, where
𝑣1 = 𝑍𝑢1, 𝑣2 = 𝑍𝑢2, ..., 𝑣𝑘 = 𝑍𝑢𝑘, then normalize them to obtain the Q-type
factor loading matrix 𝐺 = [𝐺1, 𝐺2, ..., 𝐺𝑘], where 𝐺𝑘 = 𝑣𝑘√𝜆𝑘.

Seventh, plot on two-dimensional factor axes, simultaneously displaying both
samples and variables on the same diagram, reflecting both R-type and Q-type
analysis results.

3.7 Discriminant Analysis

Unlike cluster analysis, discriminant analysis establishes discriminant functions
based on known classification criteria to determine which category a research
object belongs to. Fisher’s discriminant method imposes no special require-
ments on population distribution or variance. Its fundamental concept involves
sequentially extracting canonical variables, using them to calculate centroid co-
ordinates of each category in low-dimensional space, establishing discriminant
functions to compute coordinate values for each sample, and finally making clas-
sification judgments based on proximity to these centroids. The general form
of Fisher’s linear discriminant function is:

𝑦 = 𝑐1𝑥1 + 𝑐2𝑥2 + ... + 𝑐𝑘𝑥𝑘

where 𝑦 is the discriminant value, 𝑥1, 𝑥2, ..., 𝑥𝑘 are variable values reflecting
object characteristics, and 𝑐1, 𝑐2, ..., 𝑐𝑘 are discriminant coefficients for corre-
sponding variables, with 𝑘 being the number of variables.

To effectively distinguish samples from different populations, between-group
variance should be maximized while within-group variance minimized, meaning
𝜆 should be as large as possible:

𝜆 = ∑𝑚
𝑖=1 𝑛𝑖( ̄𝑦𝑖 − ̄𝑦)2

∑𝑚
𝑖=1 𝑛𝑖𝜎2

𝑖

where ̄𝑥 is the overall mean vector, 𝑚 is the number of populations, 𝑛𝑖 is the
sample size of the 𝑖th population, and ̄𝑦𝑖 and 𝜎2

𝑖 are the sample mean and
variance of discriminant values in the 𝑖th population, respectively.
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3.8 RBF Neural Network

The Radial Basis Function Neural Network (RBF-NN) is an artificial neural net-
work that employs local receptive fields to perform function mapping, drawing
on biological knowledge of local regulation and overlapping receptive regions. It
surpasses BP neural networks in approximation capability, classification ability,
and learning speed. Since RBF neural networks can approximate any nonlinear
function with fast learning convergence, they have been successfully applied to
nonlinear function approximation, pattern recognition, and information process-
ing [76]. Similar to BP networks, RBF neural networks are typical three-layer
feedforward networks consisting of an input layer, hidden layer, and output layer
[Figure 3: see original paper].

Let the RBF network input be a 𝑘-dimensional vector 𝑥 = [𝑥1, 𝑥2, ..., 𝑥𝑘]. The
transformation from input to hidden layer uses radial basis functions to achieve
nonlinear transformation of input information. The most commonly used RBF
is the Gaussian function:

𝜙𝑘(𝑥) = exp (−‖𝑥 − 𝑐𝑘‖2

2𝜎2
𝑘

)

where parameter 𝜎𝑘 is the width of the RBF. The network output is the weighted
sum of hidden layer outputs, with the linear mapping relationship:

𝑦𝑗 =
𝑁

∑
𝑘=1

𝑤𝑗𝑘𝜙𝑘(𝑥), 𝑗 = 1, 2, ..., 𝑚

where 𝑥 is the input vector, 𝜙𝑘 is the RBF function, ‖ ⋅ ‖ denotes Euclidean
norm, 𝑤𝑗𝑘 are network weights, 𝑁 is the number of hidden layer neurons, and
𝑐𝑘 is the RBF center in the input vector space.

4. Results
4.1 Style Feature Comparison

(1) Key Factors
According to survey results [Figure 4: see original paper][Figure 5: see original
paper], the average importance scores for 41 stylistic morphological elements
were 1.05 (architects), 1.20 (clients), and 1.11 (non-professionals). For all three
respondent groups, 18 morphological elements scored above the average: “ma-
terial type” (F1), “color temperature” (F2), “color lightness” (F3), “color rich-
ness” (F4), “decorative line directionality” (D1), “balcony form” (D2), “balcony
shape” (D3), “window opening form” (D4), “bay window” (D5), “shading de-
vices” (D6), “complex moldings” (D7), “decorative frameworks” (D8), “form
complexity” (V1), “curved form” (V2), “form segmentation” (V3), “roof form”
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(V4), “varied roof” (V5), and “corner treatment” (V6). Seven site economic ele-
ments scored above the average for both architects and clients: “project grade”
(I), “completion time” (II), “location” (III), “building height” (IV), “floor area
ratio” (V), “total building area” (VI), and “green space ratio” (VII).

(2) Style Categories
The 18 selected morphological elements were assigned values according to Table
4 rules and analyzed using two-step clustering. Table 5 presents the automatic
clustering table, showing the process of selecting the number of clusters. Accord-
ing to two-step clustering rules for automatically determining optimal cluster
numbers, the best solution requires not only the smallest BIC value but also
relatively large rates of change in BIC and distance measures. Therefore, eight
clusters represents the optimal choice, with a silhouette coefficient of 0.25, indi-
cating acceptable classification (generally, silhouette coefficients > 0.2 suggest
good clustering results). Among 372 cases, 35 were assigned to Cluster 1 (9.4%),
48 to Cluster 2 (12.9%), 37 to Cluster 3 (9.9%), 76 to Cluster 4 (20.4%), 82 to
Cluster 5 (22.0%), 35 to Cluster 6 (9.4%), 30 to Cluster 7 (8.1%), and 29 to
Cluster 8 (7.8%), with no missing values.

Table 5. Automatic Clustering

Number of
Clusters

Schwarz’s Bayesian
Criterion (BIC)

BIC
Change

BIC
Change
Ratio

Distance
Measure Ratio

… … … … …

Note: a. Change based on previous cluster number in table. b. Ratio change
relative to two-cluster solution. c. Distance measure ratio based on current
rather than previous cluster number.

(3) Style Characteristics
Figure 6 [Figure 6: see original paper] displays variable importance for cluster-
ing, where “curved form” (V2) is the most important clustering variable with
an importance value of 1.0, followed by “roof form” (V4), “color richness” (F4),
“color temperature” (F2), and “balcony form” (D2) with importance values of
0.95, 0.88, 0.73, and 0.72, respectively. Additional influential factors include
“material” (F1), “corner treatment” (V6), “curved balcony” (D3), “color light-
ness” (F3), and “decorative framework” (D8).

Table 6 shows distribution values of different variable categories across the eight
style types. Examining the three most important variables: In Cluster 1, 97.1%
have no curved forms, all have flat roofs, and feature rich colors; Cluster 2
has 89.6% without curves, 95.8% with flat roofs, and 75% with monochromatic
colors; Cluster 3 contains no curved forms, all have rich colors, with 97.3%
featuring flat roofs; Cluster 4 has no curved forms, with 98.7% having flat roofs
and rich colors; Cluster 5 cases all have monochromatic colors, with the vast
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majority featuring non-curved, flat-roof forms (98.8%, 92.7%); Cluster 6 all
have pitched roofs, mostly without curves, with half featuring combined colors;
Cluster 7 has curved forms in 96.7% of cases, flat roofs in 90%, and mostly
monochromatic colors; Cluster 8 has no curved forms, mostly flat roofs, and
generally rich colors.

The study conducted multiple correspondence analysis between 18 morphologi-
cal variables and style category variables obtained from two-step clustering to
further analyze the eight style characteristics. Correspondence analysis simul-
taneously reflects variables and their relationships on a two-dimensional scatter
plot, concentrating closely related category points and dispersing distant ones.
Two principles guide interpretation: (1) Different categories of the same variable
falling in similar directions and regions from the origin have similar properties;
(2) Categories from different variables in similar directions and regions may be
related. Following these principles, Figure 7 [Figure 7: see original paper] re-
veals: (1) Cluster 1’s main feature is recessed balconies; (2) Cluster 2 primarily
features glass curtain wall enclosures; (3) Clusters 3 and 4 mainly feature non-
curved forms; (4) Cluster 5’s main features are uniform window openings and
regular plan forms; (5) Cluster 6 features pitched roofs and obvious shading
devices; (6) Cluster 7 features curved forms and curved balconies; (7) Cluster
8 features varied roofs; (8) Regarding inter-category differences, Clusters 3, 4,
and 5 are relatively similar, while they differ significantly from Clusters 3, 4,
and 5.

(4) Style Comparison
The study performed discriminant analysis on different style categories using
morphological elements as independent variables and tested discriminant func-
tion effectiveness. More variables are not necessarily better in discriminant
analysis, as excessive variables increase computational load and may reduce
overall discrimination effectiveness due to interference from less discriminating
variables. Based on clustering results, 372 cases were used as training samples
with corresponding group labels as grouping variables, employing stepwise dis-
criminant analysis to select variables. After multiple steps, 15 variables entered
the discriminant equations while 3 were excluded. Based on Table 6 results,
eight discriminant functions were derived. For example, Cluster 1’s discrimi-
nant function is:

𝑓 = 30.893𝐹1+15.765𝐹2+10.221𝐹3+32.137𝐹4+15.480𝐷2+51.152𝐷3+26.537𝐷5+17.876𝐷6+11.413𝐷7+20.275𝐷8+11.413𝑉 1+168.115𝑉 2+15.679𝑉 3+58.181𝑉 4+2.142𝑉 5−358.266

Variance testing of discriminant functions yielded 𝑃 < 0.005, indicating that cat-
egory differentiation by discriminant functions reaches significant levels. Com-
bined with discriminant functions and scores of 15 indicators, the reliability
of clustering results can be tested. For classification, sample indicator scores
are substituted into the eight discriminant functions, with the largest function
value determining style category. Overall, discriminant analysis group labels
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are largely consistent with clustering results, with an 89.5% overall consistency
rate between discriminant and clustering results for 372 developments. This
discrimination effect is satisfactory given that all variables are discrete. This
simultaneously demonstrates that the eight style categories from two-step clus-
tering are reasonable, and Fisher discriminant functions can effectively identify
categories for new developments.

Table 7. Classification Function Coefficients

Two-
Step
Clus-
ter
ID

F1
Ma-
te-
rial

F2
Color
Temp.

F3
Color
Light-
ness

F4
Color
Rich-
ness

D2
Bal-
cony
Form

D3
Curved
Bal-
cony

D5
Bay
Win-
dow

D6
Shad-
ing
De-
vice

D7
Com-
plex
Mold-
ing

D8
Dec-
o-
ra-
tive
Frame-
work

V1
Form
Com-
plex-
ity

V2
Curved
Form

V3
Seg-
men-
ta-
tion

V4
Roof
Form

V5
Var-
ied
Roof

Fisher’s
Lin-
ear
Dis-
crimi-
nant
Func-
tion

… … … … … … … … … … … 12.25468.115… … … …

The study selected standard cases of several popular styles from China’s largest
real estate development companies, analyzed their morphological characteris-
tics, and used discriminant functions to calculate their relationships with two-
step clustering categories. Table 8 shows that among common styles, Modern
style belongs to Cluster 1, Modern Minimalist to Cluster 2, Modern Elegant to
Cluster 3, International, International Elegant, and European Minimalist are
relatively similar, all belonging to Cluster 4, Classical Minimalist to Cluster 5,
European, Modern Chinese, European, and French styles to Cluster 6, and Mod-
ern Minimalist and Postmodern styles belong to Clusters 7 and 8, respectively.

Table 8. Morphological Analysis of Popular Styles

4.2 Style Prediction

(1) Correlation Between Morphological Elements and Site Economic
Factors
Since most style morphological factors are categorical while site economic fac-
tors are continuous, cross-tabulation chi-square tests were used to analyze their
relationships, with continuous variables converted to interval variables. Results
are shown in Table 9 . Overall, site economic factors have some influence on
morphological elements, with five factors significantly correlated: “completion
time,” “location,” “building height,” and “floor area ratio.” Among seven site
factors, “building height” and “completion time” most significantly influence
style morphological elements and classification. Cross-tabulation analysis shows
Cluster 6 style appears more frequently in low-rise and multi-story residences,
while other style categories concentrate in high-rise buildings. Style categories
4 and 5 emerged later, while categories 7 and 8 appeared earlier. Among the
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seven site factors, “project grade” and “total building area” show no correla-
tion with style morphological elements or categories. Table 8 also reveals that
different morphological elements are influenced by economic factors to varying
degrees: roof form (V4) is most affected, primarily by “completion time,” “lo-
cation,” “building height,” and “floor area ratio,” while bay window (D5) is
almost unaffected by site conditions.

Table 9. Correlation Analysis Matrix of Economic Factors on Mor-
phological Factors

� � � � � �
… .087 .072 .136 .000 .243 .000

(2) Prediction Accuracy
Based on chi-square test results, five site economic elements—“completion
time,” “location,” “building height,” “floor area ratio,” and “green space
ratio”—were selected to predict residential development style morphological
elements and style categories using a radial basis artificial neural network.
Training and testing groups were split 80% and 20%, with neuron numbers
and layers optimized automatically. Figure 11 [Figure 11: see original paper]
shows that the average prediction accuracy for 18 elements and style categories
is 77.2% (78.5% for training group, 75.9% for testing group), though predictive
capability varies across elements. For binary categorical variables, prediction
accuracy is relatively high for material (F1), balcony form (D3), and window
form (D4), exceeding 90% for both training and testing groups. Conversely,
site economic factors show lower predictive capability for color richness (F4),
form complexity (V1), and roof variation (V5). Overall, using radial basis
neural networks, site economic elements demonstrate certain predictive power
for style types, with training and testing accuracies of 34.6% and 31.7%,
respectively. Although not achieving high prediction rates, this conclusion still
offers valuable reference for design practice given the inherent ambiguity and
uncertainty of style determination.

Figure 11. Comparison of RBF Neural Network Prediction Accuracy

5. Discussion and Conclusion
5.1 Limitations

The main limitations and areas for improvement of this study are: First, the
selection of morphological style factors and site economic factors partially re-
lies on human judgment, introducing some subjectivity. Second, architectural
forms are infinitely variable, and the different aspects of the same morpholog-
ical element proposed in this study may not be exhaustive, and other classifi-
cation methods are also feasible. Third, due to limited sample size, the style
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classification and prediction methods and conclusions proposed require compar-
ative studies to verify their applicability to other building types and regions.
Fourth, since style understanding is closely related to human subjective percep-
tion, combining the machine learning classification method used in this study
with research on human perception of different styles for validation would make
conclusions more comprehensive and practically applicable. Furthermore, while
facade morphology most significantly influences style, style expression extends
beyond this. Space is the protagonist of architecture, and spatial organization
represents the essential distinction between styles [77]. Therefore, integrating
facade morphology with spatial volume to find optimal methods for distinguish-
ing and determining architectural styles remains an issue requiring further ex-
ploration.

5.2 Future Directions

Understanding and recognition of architectural and urban styles are gradually
deepening with technological and urban development. Several aspects merit
attention:

First, the relationship between human subjective perception evaluation and
objective composition of different morphological and spatial elements—whether
objective stylistic differences also cause differences in human subjective
perception—requires clarifying correlations between environmental psychologi-
cal variables and spatial morphological variables.

Second, recent AI technology developments, particularly image recognition for
style feature extraction, provide new methods for architectural style research.
Although mathematical image parsing differs from generative design thinking
in morphology, it can offer important reference value [78][79][80][81].

Third, architecture always exists within a specific environmental context, and
urban style evolution and harmony result from the collective effect of every
building’s style. How to scientifically determine style and organize correspond-
ing morphological elements within certain historical contexts remains an unre-
solved scientific question [82].

Style determination is currently an important yet ambiguous aspect of archi-
tectural design. Based on 372 residential development cases in Hangzhou, this
study employs machine learning methods to scientifically explore style classifi-
cation and prediction, yielding the following conclusions:

1) According to questionnaire results ranking 41 morphological elements and
18 site economic factors, 18 important morphological elements and 7 eco-
nomic elements were identified.

2) Through two-step cluster analysis, the sample developments are appro-
priately divided into eight style categories. The most important mor-
phological factors for classification are “presence of curved form,” “roof
form,” and “color richness.” Among the eight categories, Category 5 is
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the largest, characterized by monochromatic colors, predominantly non-
curved flat-roof forms, uniform window openings, and regular plan forms.

3) Discriminant analysis reveals that among common styles, International,
International Elegant, and European Minimalist styles are relatively simi-
lar, all belonging to Category 4; Classical Minimalist belongs to Category
5; European, Modern Chinese, European, and French styles belong to
Category 6.

4) The study finds certain correlations between site economic factors and
morphological elements, with “building height” having the greatest influ-
ence on morphological element selection, while “project grade” and “total
building area” show no influence on morphological elements or style cate-
gories.

5) Finally, using five site economic factors as independent variables, a radial
basis neural network model was established to predict 18 morphological
elements and style categories, achieving an average accuracy of 77.2%.
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