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Abstract

Building appearances profoundly shape the urban visual landscape, influencing city
images and the quality of urban life. Traditional methods for evaluating the perceptual and
aesthetic qualities of building facades are often limited in scope. Despite recent studies
that have sought to understand human perception of urban streetscapes, our grasp of how
individuals perceive building exteriors on a broader scale and the subsequent impact on
holistic street experiences, remains largely unexplored. In this study, we integrate a tra-
ditional survey-based evaluation framework with machine learning techniques to analyse
human perception of over 250,000 building images from Singapore, San Francisco, and
Amsterdam. Specifically, deep learning models trained on crowdsourced ratings of 1,200
building images across six perceptual attributes — complex, original, ordered, pleasing,
boring, and style — achieve over 72% accuracy. This novel approach enables adaptive
and comparative analyses of building appearances across regions, revealing spatial patterns
in the perception of architectural exteriors and their relationships with functions, age,
and location. Moreover, by applying propensity score matching to match images based
on their features, we mark one of the first efforts to investigate the perceptual impacts
of buildings on streetscape perceptions. The results show that streetscapes with higher
levels of complex, pleasing, and historical ambience from buildings elicit more positive
perceptions, whereas modern and monotonous exteriors often evoke holistic feelings of
being “boring” and “depressing”. These findings offer architects and city planners valuable
insights into public sentiment towards city-level building exteriors and their influence on
urban identity and perception.
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1. Introduction

Over the past decades, urban built environments have grown at an unprecedented rate,
shaped by a con uence of socio-cultural, economic, and technological factors, resulting in
diverse and complex urban landscapes. The visual appearance of a city, a crucial aspect
of the environmental aesthetics, is believed to signi cantly in uence people's perceptions
of a place as well as their physical and mental well-being [1] 2, 3]. Studies have shown
that an appropriate appearance can enhance the emotional appeal of the environment,
thereby a ecting human experiences related to outdoor thermal comiart [4, 5, 6], acoustic
perception [[7] 8] and perceived safety [9/) 10] 11]. Exposure to aesthetically pleasing
environments, such as natural scenes, has been shown to be a key factor in promoting
residents’ health [12, 13, 14, 15,116], while visual disorder in urban settings may induce
rule-breaking behaviours [1[7,118]. Consequently, evaluating the visual appearance of built
environments is pivotal in cultivating urban aesthetics and fostering a more liveable urban
environment.

With the rapid development of urban informatics, thesetive and quantitative mea-
surement of visual landscapes has become a key area of interest in the built environ-
ment sector([19, 20, 21]. Recently, street-level imagery has emerged as a valuable data
source, oering a unigue perspective and detailed coverage [22]. This facilitates the scal-
able exploration of landscape intricacies from a pedestrian's viewpoint, including both the
objective measurement of visual elements| [23] and the subjective assessment of human
perceptions[[24, 25]. Further investigations have also illuminated the impact of visual
components and image features on individuals' sentiments towards urban environments
[11,[26,27[ 16, 28]. These studies not only evaluate human perceptions in broader extents
but also underscore how landscapes interact with people's emotions, contributing to more
human-centric urban environments|[29].

However, the speci ¢ characteristics of visual elements in the built environment, such
as building appearances, types of vegetation, and street designs, along with their spatial dis-
tributions and contributions to individuals' holistic sensory experiences, have not been fully
explored. Among these elements, architectural exterior designs, which profoundly impact
our daily visual experiences and cultural interactions, have received considerable attention
in previous studies [30, 31, B2] due to their diverse appearances that range from historical
to contemporary eras. Similar to urban street studies, architectural facade evaluation not
only explores the impact of design on the environment, including thermal comfort and
microclimates|[[38], but also incorporates psychological theories to investigate emotional
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appraisals and elemental evaluations of buildings through aesthetic responses based on
human cognition and perception [34]. Such perceptual assessments attempt to understand
the interaction between human sentiments and architectural semantics [35, 36, 32], thereby
aiding architects and urban designers in improving design principles for the public good
[37]. However, these studies often rely heavily on traditional data collection methods such
as interviews and questionnaires, typically focusing on speci ¢ building types or geograph-
ical areas. This approach con nes the research to a narrow scope and limits scalability for
cross-regional comparison, thereby posing challenges in evaluating architectural design
at exible spatial resolutions. Hence, this study aims to broaden our grasp of human
perceptions of buildings within a large-scale urban environment, to compare their spatial
distributions across cities, and to explore how building exteriors in uence holistic human
perception of streetscapes. Through this study, we seek to address the following research
guestions (RQ):

A

RQ1: How well can machine learning be leveraged to describe and compare the
building exteriors in a detailed and scalable manner?

N

RQ2: How do the human perceptions vary across cities that are constituteddny di
ent types of building exteriors?

N

RQ3: To what extent do the appearances of buildings impact the overall human
perception of urban streetscapes?

In this research, we integrate a building exterior evaluation framework with deep learn-
ing techniques to measure human perception of building exteriors. First, a dataset of
individual building images is compiled from street-level images taken in three cities: Sin-
gapore, San Francisco and Amsterdam. Second, a subset of these images is equally and
manually assembled across drent areas of the cities and various building types. This
subset is then evaluated through a comprehensive online survey, which gathers 33,774
responses from 493 participants. The survey quanti es 1,200 images across six perceptual
attributes: complex, original, ordered, pleasing, boring, and style, as identi ed from prior
research. Third, deep learning models are trained on this dataset to analyse the entire set of
about 250,000 building images, with the results applied to reveal spatial patterns of human
perceptions on building facades. Moreover, this study conducts a correlation analysis
between perceptions of buildings and their objective information (i.e., functions, age, and
location), to pinpoint distinctive building identities across cities. Finally, through the lens
of the six attributes, this research examines their in uence on the holistic human perception
of streetscapes. Our ndings show that the proposed perceptual propertieseateein
comparing architectural exteriors across large-scale built environments and elucidating the
impacts of building designs on human perception of streetscapes.



The contributions of this research are threefold: (1) We introduce a scalable arehé
deep learning-based framework, featuring six perceptual attributes of building facades, for
analysing and comparing human perceptions of architectural exteriors énetit urban
contexts. (2) The characteristics and distribution of building perceptions are revealed and
compared across cities, to facilitate a broader understanding of architectural design strate-
gies. (3) This work is among the rst to investigate the in uence of building appearances
on human perception of streetscapes in larger regions. This investigatos architects
and city planners not only an ective framework for evaluating public sentiment towards
city-level building exteriors, but also insights into their in uence on urban identity and
perceptions, underlining the signi cance of architectural design in urban planning and
policy development.

2. Related work

2.1. Traditional approaches in architectural exterior evaluation

Over the past decades, the sensory connection between observers and objects, derived
from psychological theory, has been widely applied in built environment studies [38]. Vari-
ous studies have identi ed that an appropriate form or appearance may facilitate attractive-
ness and emotional appeal of environments, including the aesthetic quality of architecture,
landscape, and streetscape [39, 37, 40, 41]. These studies highlight conceptual properties
such as coherence, meaningfulness, enclosure, and mystery, which represent individual
perceptions to measure cognitive and perceptual dimensions of the environment [37, 42,
43].

In architectural exterior assessment, conceptual properties @esigners a holistic
view of an individual's aesthetic response ancketive appraisal of buildings. Such as-
sessments are typically conducted through surveys using interviews and questionnaires to
collect people's ratings and opinions on a building's physical setting [31, 44, 45krBint
terminologies and combinations have been explored in various studies, playing a funda-
mental role in identifying speci c and relevant aesthetic needs in building designs. Classic
academic works have established correlations between speci ¢ perceptual attributes and
preferences for certain buildings. For instance, perceived complexity and impressiveness
have been shown to have a linear relationship, while a U-shaped relationship exists between
complexity and preference criteria, indicating that people tend to favour buildings with a
moderate level of complexity [30, 46]. Other properties, such as inclusion of historical ele-
ments and the exclusion of arti cial elements, have been found to increase the pleasantness
of buildings, while to optimise excitement, the use of more natural materials and higher
levels of atypicality would be bene cial [37, 47].



Among the studie;omplexityis regarded as a crucial factor in formal aesthetics and is
frequently adopted as a key conceptual property in assessing building exteriors. Rapoport
[48] describes complexity as tied to the number of noticeablerminces in independent
elements and the amount of usable information available to the viewer. A building with
higher exterior complexity tends to deliver more intense visual information, increasing
arousal experiences while typically minimising pleasantness at the extreme ends of high or
low complexity [49].Order, along with related variables like clarity, coherence, and tting-
ness, has been con rmed to in uence preferences in streetscapes and housing appearances
[50, 31, 32]. It refers to the degree to which a scene cohesive or sensible. Kaplan and
Kaplan [51] highlight that an ordered appearance enhances legibility and identi ability,
simplifying comprehension and recall for observers. Importantly, they also indicate that
a scene can possess high complexity and high coherence simultaneously. Moreover, the
contribution oforiginality to architecture design, similar to what Devlin and Nasar [31] and
Canter [52] call “novelty”, has also been extensively documented [42, 32, 36]. This term
evaluates the unigqueness of a subject and is identi ed to signi cantly in uence perceptual
behaviour [53]. Similarly, architectuistylerepresents an important symbolic variable, de-
scribing a general denotative meaning interpreted by individuals [37]. Such interpretations,
as perceived by humans, may vary amongegéent styles [54], illustrating how historical
ambience and detailing can endow building facades with legibility, coherence, and harmony
[55, 56], whereas certain modern cues may elicit pleasure and arousal in observers [35].
This interpretation signi cantly in uences observers' emotional responses, to the extent
that the presence of historical elements has been identi ed as bene cial to quality of life
[57].

Besides, pleasure and arousal are key properties commonly investigated in academic
discussions on building exteriors [31, 35, 58, 32]. These dimensions are closely linked to
physiological responses and are essential for evaluating human reactions to architectural
stimuli. Although these dimensions are interrelated, they represent independent aspects
of experience. Russell et al. [59] clarify that pleasure and arousal maintain an orthogonal
relationship, implying distinct in uences on human reactions. Expanding on thiyr@i
et al. [35] develop a graphic circumplex method to quantitatively assess pleasure and
arousal levels elicited by images of modern buildings. Their ndings indicate a strong
correlation: buildings that are re ective, shiny, taller, more colourful, and ornate tend
to provoke greater arousal, while these architectural qualities do not necessarily provide
signi cant cues for pleasure. Hence, in this stuyglgasantnesss utilised to assess active
expression as the bipolar opposite of displeasure, velitéemenfnot boring) is employed
to denote arousal, capturing the intensity of physiological activity.

In addition to these six aspects, various attributes such as friendliness, ruggedness,
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and ornateness have been employed to evaluate building facades. In this work, we aim to
explore an adaptable framework to measure building exteriors with perceptual properties
that are distinct and comprehensible. The framework can be progressively expanded to
include other variables in future empirical and theoretical research.

2.2. Street-level imagery in human perception measurement

Street view imagery (SVI) has gained signi cant popularity in recent studies, providing
a unique street-level vantage point of urban landscapes with broad coverage and precise
spatial detail, and has thus been extensively employed across diverse scales to explore built
environments [22]. These images are often customised to align with the speci ¢ objectives
of various studies and are used to train machine learning models for predictive tasks.

In highlighted selection, we emphasise the urban perception studies that use perception-
based labelling to quantitatively and extensively measure human responses to street envi-
ronments. Typically, these studies employ SVI surveys to explore subjective feelings of
participants, categorise images with perceptual labels, and convert these labels into quan-
ti able attributes [2]. The seminal work by Salesses et al. [24], introduces a methodology
to obtain SVI ratings based on pairwise comparisons and responses to evaluative questions.
This approach explores the perceptual inequalities of safety, class, and uniqueness in cities
within the United States. Expanding upon this foundation, Dubey et al. [25] establish a
crowdsourced dataset known as Place Pulse 2.0, which extends urban perception research to
include six attributes — depressing, boring, beautiful, safe, lively, wealthy — and encom-
passes data from 56 cities. Due to their low-cost and high precision, these methodologies
and datasets have seen extensive use in subsequent urban perception research (e.g., in China
[11, 60], Singapore [61], the USA [62], Chile [26], and other global cities [63]) and serve
as benchmarks for assessing the perceived quality of urban environments [64, 65, 66].
Moreover, several studies have identi ed speci c image features associated with human
perception in streetscapes. For example, Zhang et al. [11] highlight that objective elements,
such as natural features, positively correlate with perceptions of beauty in streetscapes,
whereas buildings often have a negative impact. This trend is also corroborated by Rossetti
et al. [26], who found that images featuring buildings tend to be perceived as livelier but
less beautiful and safe, and more boring and depressing. Additionally, clearer views of the
sky negatively impact perceptions, while low-level features such as edges and blobs have
a positive in uence. Further expanding the scope, Zhao et al. [8] extend this framework
to the measurement of soundscape perception, integrating perceptual attributes relevant to
the soundscape domain, such as sound intensity, quality, and sources, along with other per-
ceptual indicators. By incorporating street-level images, these frameworks hold signi cant
potential to contribute to various urban research elds and deepen our understanding of



how objective elements sensed by individuals correlate with their subjective perceptions.

To e ectively model these complex and nuanced human perceptions, various advanced
machine learning models have been employed. Among these, Convolutional Neural Net-
works (CNNSs), have been predominant due to their pro ciency in handling and analysing
image data. These models are chosen for their ability to automatically extract and learn
the most predictive features from images, which is crucial for accurately categorising and
qguantifying the attributes of urban environments. For instance, a common practice in urban
perception research is employing pre-trained CNN models such as ResNet, ne-tuned on
speci ¢ perception datasets like Place Pulse 2.0 [11, 61, 67]. As one of the primary visual
components of the streetscape, buildings have attracted considerable attention in street-
level research. CNNs, such as VGG, DenseNet, and ResNet, are also widely introduced to
achieve, or serve as benchmarks for, the accurate classi cation of diverse functions [68],
materials [69, 70], styles and ages [71, 72, 73] of buildings.

However, the ways in which individuals perceive and evaluate the exteriors of buildings
from the street level, as well as the variation and distinction of such perceptions across
di erent cities, and the overall impact of buildings on streetscape perceptions, remain un-
derexplored. Therefore, aligning with previous studies for evaluating architectural exteriors
and measuring street-level perception, this study introduces a synthetic and comparative
framework. This framework is designed to assess the appearance of buildings by CNN
models, uncover patterns of building perception in larger regions, and elucidate the in u-
ence of building design on streetscape perceptions.

3. Research framework

In this study, we introduce a comprehensive and comparative methodology for quantify-
ing human perceptions of building exteriors utilising SVI. The research framework is struc-
tured into three main steps, as illustrated in Figure 1: (1) Section 3.1: Developing building
perception models: We collect building exteriors by detecting and extracting images of
individual buildings from SVI across cities. Then, a subset of images from this dataset
is used to gather perceptual ratings through pairwise comparisons conducted by survey
participants. These ratings span six dimensiocemplex, original, ordered, pleasing,
boring, and style Subsequently, models to predict building perception scores are trained
with these multidimensional labels. (2) Section 3.2: Analysing spatial characteristics: The
trained building perception models are employed to estimate perception scores for the entire
set of extracted SVIs. This process enables us to map these perceptual scores on broader
scales and analyse the correlation between these scores and objective building attributes
(i.e., functions, age, and location). (3) Section 3.3: Understanding streetscape perception:



Figure 1. The framework to measure human perception of building exterior from street view images at the
city-scale. Source of imagery: Google Street View.

the average perception scores of buildings and the streetscape are calculated separately for
each panoramic images. Propensity score matching (PSM) is then applied to match and
control SVIs with similar objective features, facilitating a detailed investigation into the

e ect of building exteriors on streetscape perceptions. Further details on these steps are
provided below.

3.1. Developing building perception models

To gather human perceptions on individual buildings and assess them across broader
regions, we develop a comprehensive work ow, as shown in Figure 2:

Extracting building imagesBuildings, as primary visual elements of the streetscape, are
often the focus of imagery datasets aimed at segmentation tasks. However, few datasets
are tailored for the extraction of individual buildings from images. In this study, we
endeavour to apply object detection methods to extract and isolate building images, thereby



o ering a more focused view of the buildings themselves. To achieve this, we employ
the GroundingDINQ a state-of-the-art object detection model equipped with pre-trained
weights capable of detecting arbitrary objects using human inputs such as category names
or referring expressions [74]. Speci cally, we utilise the “GroundingDINO-B” checkpoint,
which has been trained on several widely-used object detection datasets, including COCO,
0365, and Open Images, among others. By assigning the category name “building” to
this open-set detector, we can acquire bounding boxes for buildings present in images. To
ascertain the model's performance on this task, we evaluate it on the “building” category
using the test set of the Open Images V7 dataset. The model demonstrates high accuracy
and reliability in detecting buildings on the test set, achieving an Intersection over Union
of 0.65, a precision of 0.86, and a recall of 0.75.

To collect diverse images of individual buildings, panoramic SVIs are retrieved from
various urban locations. By applying the proposed building detection model to these SVIs,
we obtain the coordinates of bounding boxes for buildings within the images. These
bounding boxes are then processed with an algorithm speci cally designed to correct lens
distortion, resulting in normalised views of the buildings as seen from the street. Moreover,
to assemble a targeted collection of building images for the survey, an equal number of
images were collected from dérent regions of each city. This process adhered to two
key principles: rst, images were evenly sampled spatially to encompass a broad data
distribution across urban areas; second, manual selection was conducted to ensure a wide
array of building types and architectural styles were included, thereby creating a dataset
that is both spatially and visually comprehensive for subsequent analysis.

Human perception labellingTo gather human subjective assessments of building exte-
riors, our study employs a perceptual survey designed based on prior urban perception
studies [25, 75, 66, 8], structured around the six conceptual properties as discussed in
Section 2.1, and further illustrated in Table 1. Speci cally, the term “boring” is employed

to denote an absence of excitement, thereby rendering the concept more accessible and
comprehensible to participants. Foomplex, original, ordered, pleasingnd boring,
participants are presented with pairs of building images during the survey. The central
guestion guiding their evaluation is: “Given the pairs of building facades, which one do
you think would be more [characteristic]?” The characteristic in question alternates among
complex, original, ordered, pleasingndboring. For each pairing, participants have the
option to select either the left or right image or to denote that both images represent the
guality to the same degree. “Style”, considered an incomparable property, is designed to
evaluate through a single-choice question with only one building image presented at a time.
Participants are prompted to categorise the building's architectural style on a scale with ve



Figure 2: The detailed work ow for the development of building perception models. Source of imagery:
Google Street View.

options: “modern”, “somewhat modern”, “no signi cant style”, “somewhat historical”, and
“historical”. The selected images from dirent cities are randomly drawn and displayed to

the participants, who are prompted to evaluate the building images in response to a series of
guestions that probe speci ¢ attributes. Figure 3 shows several examples from the survey
platform.

The survey results are further applied for perception score calculation. In this study,
Microsoft TrueSkill, a method applied in former visual perception studies [25, 76, 75], is
used to ranked scores based on the pairwise comparison results. As a Bayesian ranking
method, TrueSkill calculates a ranked score for each player (in our context, images of
buildings) engaged in a two-entity comparison, by iteratively updating the ranked score
of players after every comparison (in this case, the pairwise comparison results) [77]. For
guestions oering a single choice, we categorised architectural styles on a scale from 1 to 5,
ranging from “modern” to “historical”, and computed the average scores of the architectural
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Figure 3: Examples of two types of questions on the survey platform used to collect human perceptions
of building facades. Respondents are prompted to indicate their preferences through a series of questions
targeting speci c perceptual properties. Source of imagery: Google Street View.

style rankings received by each building. Thus, a building scoring higher in this style metric

is perceived to be more historical, whereas a lower score suggests a modern perception. To
enhance interpretability, these scores across six dimensions are normalised and adjusted to
a continuous scale of 0 to 10. Through this methodology, we assign perceptual scores in
six dimensions to each building image, establishing the basis of our training dataset for the
study of building exterior perceptions.

Models training and predictionSimilar to Kang et al. [67], we then approach the predic-
tion of perceptual attributes for building facades as supervised classi cation tasks, struc-
tured in three steps. Firstly, each perceptual score is assigned to one of six prede ned
ranges with equal score intervals: 0-1.67, 1.67-3.33, 3.33-5, 5-6.67, 6.67-8.33, and 8.33-10.
This structuring, as shown in Figure 4, aims to enhance the machine's understanding of
the perceptual characteristics of buildings acrosednt ranges, and facilitate a more
intuitive categorisation into low, medium, and high groups. This categorisation supports
the computation of Top-2 accuracy metrics in subsequent model evaluations. For instance,
class 1 includes building images with scores ranging from 0 to 1.67, while class 2 covers
those with scores from 1.68 to 3.33; both are categorised as “low” within the Top-2 classes.
Prior to model input, the data is divided into training and validation datasets with an 8:2
ratio across cities, ensuring a balanced representation of buildings fraredi cities in

both sets of data.

To learn this compressed set of variables, we ne-tune CNN models, which were
pre-trained on the ImageNet-1K dataset, using building images alongside their prede ned
classes of each perceptual property. Each model is individually tailored to predict one
speci ¢ perceptual property in downstream prediction task. Lastly, the prediction task in-
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Figure 4: The scaling of prede ned perceptual score ranges into six classes, and the subsequent categorisation
into low, medium, and high groups.

Table 1. The conceptual properties and main survey questions applied in the study, along with their
corresponding terminologies.

Conceptual Property Corresponding Terminologies

Positive Negative
Complex complicated simple
Original unique, impressive, novel  uncreative, unoriginal
Ordered ordered, coherent, unied confusing, disorganised
Pleasing enjoyable, pleasing, happy unpleasant, depressing
Boring exciting, arousal dull, monotonous

historical, somewhat historical,

Style no signi cant style, somewhat modern, modern

volves each model generating a six-dimensional vector for each building image, where each
dimension represents the probability of the image belonging to one of the six prede ned
classes. These output probabilitirsre used to compute scores for each building image,

re ecting score of a speci c perceptual property. These probabilities are multiplied by
the median value of the ranges associated with their respective classes, transforming the
probability distributions back into a numerical sc&gfor each image:

X
s 05 ®

® 10
Si = —_
n=1
wherei denotes an individual building image, aRgirepresents the probability of the image
belonging to clasa. The term%J n % speci es the median value corresponding to class

n, which scales the impact of each class's probability on the nal s&are

3.2. Analysing spatial characteristics

For this phase of analysis, we integrate the H3 geospatial indexing systeeai cally
choosing a resolution at level 9, which corresponds to an average hexagon area of 0.105
km?. The purpose of applying the spatial indexing system is twofold: Firstly, it allows for

IHexagonal hierarchical geospatial indexing system: Htti8geo.org
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the aggregation and visualisation of perceptual information within discrete units, standar-
dising the scale for comparative cross-city analysis. In practice, the perceptual attribute
values for each cell are computed by averaging the scores of all buildings within that
cell, thus re ecting the area's collective perceptual trend. Secondly, we compile additional
building attributes within these same units to examine their correlation with the perceptual
ratings generated by the model. This analysis of correlati@rofurther insights into the
interplay between subjective perceptions of buildings and their objective characteristics, as
well as variations in facade features acrossedent cities.

3.3. Understanding streetscape perception

To uncover the in uence of buildings within a streetscape, we apply the Place Pulse
2.0 dataset [25] as the benchmark for streetscape perception analysis. This dataset contains
110,988 images from 56 cities across 28 countries and quanti es human perception of the
streetscape across six dimensions (depressing, boring, beautiful, safe, lively, and wealthy)
based on volunteer labelling. Following a similar approach to our building perception
model training, we rst train deep learning models using Place Pulse 2.0 dataset across
these six-dimensional features. Second, we segment our panoramic SVIs into perspective
views to match the format used in the dataset. These perspective images are then assessed
using the streetscape perception models, and the results are averaged to produce compre-
hensive streetscape perception scores for each geographical location.

Furthermore, as identi ed by previous studies, certain visual elements and low-level
features within the images, such as buildings, vegetation, edges, and blobs, potentially
in uence people's perceptions [11, 26, 27]. As a result, perceptions may vary due to
multiple factors present in images. For instance, a place with a higher visual factor of
vegetation tends to be perceived as more beautiful, even if it contains unpleasing building
exteriors compare to other images that have pleasing building designs. To minimise the
impact and facilitate a robust discussion on the in uence of building appearance, we in-
troduce the propensity score matching (PSM) to control and match the SVIs. This method
involves dividing SVIs based on high and low building perceptual properties, then matching
them into strata according to their characteristics (e.g., having a similar amount of visual
elements), allowing us to calculate the average treatmestteof that perceptual property
on street perception.

To accomplish this, we rst employ semantic segmentation using a deep learning model
trained on the Cityscapes dataset [78] to extract physical features from each perspective
SVI. This process quanti es the proportions of various visual elements, such as buildings,
vegetation, roads, and sky in images. Second, we retrieve pixel-level features, includ-
ing the number of edges and blobs as well as the mean values of hue, saturation, and
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lightness, using algorithms from the OpenCV library. For each SVI shooting point, we
aggregate the average streetscape perception scores and visual features from perspective
views, together with its average six building perception scores derived from the individual
buildings within the image. Thirdly, the visual features are used in binary logistic models

to calculate propensity scores for the matching process. Each respondent in the treatment
group (e.g., having a high complexity level of building exteriors) is matched to one in

the control group (e.g., having a low complexity level of building exteriors) according to

the propensity scores. Finally, we evaluate theas of building perceptual properties

on overall streetscape perception by calculating the average treatnesitom the treated

group (ATT) [79]:

ATT=E(Y, YoD=1) )

whereD = 1 indicates the treatment group, characterised by buildings received high
perceptual values. The variablerefers to the streetscape perception score of the treatment
group, andyy refers to the streetscape perception score of the control group.

4. Research areas and data

4.1. Research areas

This study aims to explore and assess the reliability and scalability of a building per-
ception dataset by examining buildings in three distinct cities: Singapore, San Francisco,
and Amsterdam. These cities were chosen due to their diverse architectural landscapes,
which provide a comprehensive base for analysis. Singapore is a highly urbanised metropo-
lis that has rapidly developed over recent decades, containing buildings of various types
and styles. A signi cant aspect of the city's urban character is its abundance of high-
rise buildings, which are not merely typical but also functional, housing the majority of
the resident population [80]. In contrast, San Francisco presents a mix of architecture
that combines historical landmarks with contemporary structures, characterised by a wide
range of building styles from Victorian to modern structures. Amsterdarerdifrom
the aforementioned cities with its well-preserved historic mid- and low-rise buildings,
some of which are complemented by modern additions, creating a diverse and contrasting
architectural experience. By the examination on these cities, the study aims to evaluate the
dataset's adaptability and to gather insights into how building appearances and styles are
perceived across derent urban environments.
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4.2. Data description

4.2.1. Street-level building images

This study evaluated perceptions of buildings using individual building images derived
from panoramic SVIs sourced from Google Street View (GSV) standardise the gath-
ering of SVIs across the three cities, we employed the H3 geospatial indexing system at a
resolution of level 11, corresponding to hexagons of 0.002éach. For each hexagon, the
central coordinate was used to search for and retrieve the nearest panoramic SVI within the
unit. The collection process yielded 30,520, 24,292, and 25,062 images from Singapore,
San Francisco, and Amsterdam, respectively. As illustrated in Figure 2, these images were
then utilised for an object detection task to identify buildings, followed by addressing the
image distortion. To ensure accurate predictions, images smaller than 100x100 dpi were
excluded from the analysis. Finally, 94,632, 63,884, and 92,501 building images were
generated for Singapore, San Francisco and Amsterdam, respectively. For this study, 400
images from each city were selected according to the principles outlined in Section 3.1, for
inclusion in the dataset to gather human perceptual ratings. As a result, a total of 1,200
images were used for the online participant survey, and there were total 249,817 images
remaining for the prediction task.

In this work, we conducted an online survey among students at the National University
of Singapore. To ensure a representative sample for the building perception survey, a pre-
survey was initially conducted to gather general information from potential participants.
A balanced group was then selected based on gender, age, and academic programs for
the building perception survey. Ultimately, the survey garnered responses from 493 partici-
pants, collecting a total of 33,774 responses related to 1,200 building images. Each building
image was rated more than ve times to minimise individual bias, ensuring a more balanced
evaluation. While the survey participants were primarily students, we acknowledge that this
group may not fully represent the broader population. The primary aim of this study was to
demonstrate the feasibility of our method rather than to provide de nitive perceptual scores.
For future studies or applications requiring precise, demographically tailored insights, this
methodology can be replicated with a broader and more diverse participant pool to enhance
the representativeness and reliability of the results.

Utilising the scoring method mentioned in Section 3.1, the scores for sigreint
perceptual attributes were calculated for each building image based on the results of the
survey. The samples of building images with their corresponding perceptual scores, as
shown in Figure 5, indicate that derent building exteriors may induce dirent human

2httpsi/www.google.conmapg
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Figure 5: Building image samples of dirent cities with their perceptual score of the 6 dimensions calculated
based on survey responses. Source of imagery: Google Street View.

perceptions. For instance, the rst building image, featuring blue balconies and prominent
horizontal lines, tends to be perceived as a modern structure and ranks higher in “more
ordered” and relatively lower in terms of being perceived as “more boring”. The fourth
image, which depicts a historical building with rich visual elements, has relatively higher
scores for complexity, originality, and pleasantness compared to the others. Moreover,
Image 6, with its unique shape and abundant architectural features, is perceived as the most
original and complex among the others. Furthermore, such complexity induces a lesser
sense of boredom but does not necessarily contribute to a feeling of pleasantness. After
categorising the scores into six classes as described in Section 3.1, the extreme classes
exhibit fewer labels compared to others. To mitigate this imbalance, we implemented data
augmentation techniques, including horizontal ipping and centre cropping, to enhance the
representation of underrepresented classes in our training set.

Shttps://data.gov.sg
“https://data.sfgov.org
Shttps://maps.amsterdam.nl
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Table 2: Obijective building indices, derived from various data sources, are calculated for the H3 cells across
three cities. The mean and standard deviation for each index value are indicated.

Variables

Description

City: Singapore

Residential density

Commercial density

Function

Industrial density

Residential building 2 369
Commercial building 0.443

Industrial building area

Public housing density

Public housing area

Std. Data source
2.421
Master Plan
1.439 2019
0.777
HDB Existing
0.946 Building®

Location Distance to city centre

Straight-line distance

4.680 GIS analysis

City: San Francisco

Residential density

Function

O ce density

Residential building 2144

Commercial density Commercial building 0.215

O ce building area

1.420

0.427
Land Use 2020

0.606

Age Building age

The average of buﬂc}mg 68.826
age since completion

35.357

Location Distance to city centre

Straight-line distance

2.127 GIS analysis

City: Amsterdam

Residential density

Residential building 1.041
Commercial building 0.266

O ce building area

Function Commercial density
O ce density
Age Building age

The average of buﬂc_jlng 56.151
age since completion

0.957
Amsterdam
0.519 Government
Maps Data
0.631
37.544

Location Distance to city centre

Straight-line distance

2.379 GIS analysis




4.2.2. Objective building attributes

Aiming to provide a comprehensive pro le of building perceptions and their spatial
patterns, objective building attributes are collected from three aspects: functions, ages, and
locations. These attributes are believed to have potential relationships with urban visual
appearances [65, 11, 81]. Due to the variation in format and openness of the data released
by di erent cities, we utilised diverse datasets to represent these three aspects, as shown in
Table 2. On the one hand, the building functions and distance to city centre are common
attributes for the three cities. On the other hand, in Singapore, public housing developed
by the Housing and Development Board (HDB) represents a typical building type with
available data for analysis. Conversely, in San Francisco, the age of buildings is the speci c
building-level data that warrants further exploration in this study. The attributes of each
research unit are aggregated as mean values to serve as contextual representations of the
area.

5. Results and analysis

5.1. Building perception models

5.1.1. Models evaluation

To identify the suitable model for this study, we ne-tune commonly used CNN ar-
chitectures in urban research, as discussed in Section 2.2, using our building perception
dataset. We compared the Top-1 and Top-2 accuracy metrics of these models to select the
best one for predicting perception scores across the entire image set of individual buildings.
Top-1 accuracy measures the percentage of the validation set which the model accurately
predicts the exact class, while Top-2 accuracy assesses whether the model can correctly
predict the category closest to the original one. As shown in Figure 4, the Top-2 categories
cover perception scores ranging from 0 to 3.33, 3.33 to 6.67, and 6.67 to 10, re ecting a
low, medium and high ranking trend.

Table 3 presents the average values of performance metrics for various CNN models
across the six attributes, with ResNet50 generally outperforming the others. Consequently,
the ResNet50 architecture has been adopted for building perception models in this study.
Table 4 provides further details on the performance of ResNet50 models across perceptual
properties, including accuracy, recall, precision, and F1-score for both Top-1 and Top-2
classes. The models demonstrate strong performance in classifying building images based
on human perception trends, with Top-2 accuracies exceeding 72%, and attributes such as
“complex”, “boring”, and “style” achieving higher predictive accuracies. This suggests that
the complexity and excitement of building exteriors, as well as their architectural styles,
tend to display more consistent visual features across cities, facilitating more accurate
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Figure 6: The results of Class Activation Maps (CAM) overlaid on original images and the building images
cropped according to CAM showing the speci c discriminative regions. Source of imagery: Google Street
View.

predictions by the models. Nonetheless, the relatively modest performance on the Top-1
benchmark should be acknowledged. This discrepancy may be attributed to the inherently
subjective nature of human perception, in uenced by cultural, historical, and personal
factors that are not easily captured by visual features alone.

Building on architecture research by Lee et al. [82] and Sun et al. [72], Class Activation
Maps (CAM) are further employed to identify discriminative regions that CNN models use
for predictions. This explainable Al technique allows us to understand which parts of an
image the model focuses on, in uencing the nal classi cation across the six perceptual
properties. Figure 6 illustrates the CAM results and the discriminative regions extracted
from the original images. The CAM results demonstrate clear yet varied patterns on the
semantic information of the buildings based onetient perceptual dimensions, indicating
models' capacity to discern and learn pertinent architectural features from the imagery.
For example, regions containing rich visual information may prompt predictions of high
complexity, whereas distracting details might result in disordered rankings. Furthermore,
chaotic and uninviting elements in images often lead to low “pleasing” classi cations,
while blank and unadorned designs are typically de ned as “boring” buildings. Mod-
ern buildings are frequently categorised based on their sleek structures and cold colours,
whereas warmer tones and ornamental architectural features such as columns, arches, and
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belfries are generally associated with “historical” identi cations. These patterns not only
illustrate the models' ability to classify buildings based on various perceptual attributes but
also their adaptability across diverse building types in the cities. The models also prioritise
building features over unrelated elements like vegetation, cars, and pedestrians, enhancing
their focus on relevant architectural details. Overall, these evaluatioms &he robustness

and generalisability of our approach in large-scale urban environments, demonstrating the
models' capability to align building designs with human perceptual judgements.

Table 3: Average validation performance of CNN models across all perceptual properties.

Model Benchmark  Accuracy Precision Recall F1-score
Top-1 0.424 0.356 0.326 0.320
VGG16
Top-2 0.693 0.725 0.676 0.684
Top-1 0.452 0.356 0.347 0.339
DenseNet201
Top-2 0.709 0.725 0.662 0.679
Top-1 0.440 0.356 0.329 0.327
ResNet34
Top-2 0.731 0.747 0.684 0.697
Top-1 0.480 0.386 0.353 0.358
ResNet50
Top-2 0.770 0.809 0.699 0.732
Top-1 0.471 0.426 0.364 0.370
ResNet101
Top-2 0.732 0.758 0.675 0.697

5.1.2. Prediction results

All building images from the three cities are processed by the trained models, with
the output probabilities being converted into scores across six perceptual dimensions, as
de ned in Equation 1. Figure 7 displays a selection of buildings from Singapore, San
Francisco, and Amsterdam, categorised by their “original” scores. Generally, the model
assigns higher originality scores to buildings with innovative and distinctive architectural
features that carry historical or contemporary signi cance. Buildings have the lowest
originality scores tend to lack distinctive visual elements and are characterised by at
mundane appearances, often representing residential or industrial structures. In Singapore,
the most original buildings are typically contemporary in design, featuring unique shapes
and modern elements. In San Francisco, buildings that are considered original often possess
historical signi cance and are adorned with rich ornamentation. Amsterdam displays a
harmonious blend of historical and modern buildings among those rated as most original,
re ecting a region that integrates tradition with modernity. Furthermore, Figure 8 show-
cases a collection of buildings among cities, categorised by a predictive model based on
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Table 4: Detailed validation metrics for ResNet50: accuracy, precision, recall, and F1-score in building
perception classi cation tasks.

Properties  Benchmark  Accuracy Precision Recall F1-score
Top-1 0.512 0.356 0.355 0.350
Complex
Top-2 0.777 0.782 0.666 0.704
. Top-1 0.475 0.398 0.332 0.347
Original
Top-2 0.752 0.842 0.627 0.683
Top-1 0.450 0.367 0.335 0.344
Ordered
Top-2 0.719 0.747 0.653 0.681
, Top-1 0.438 0.337 0.304 0.311
Pleasing
Top-2 0.764 0.828 0.669 0.721
) Top-1 0.508 0.338 0.312 0.313
Boring
Top-2 0.777 0.810 0.744 0.761
Top-1 0.498 0.520 0.479 0.484
Style
Top-2 0.828 0.846 0.833 0.839

their “ordered” score. In this case, buildings with lower-order scores often exhibit unique
or unconventional features, while those with higher scores display more standardised,
symmetrical, and orderly designs. Contrary to the high original buildings, it is common
across the three cities that the highly ordered buildings tend to be modern structures with
a pragmatic design. Despite the variety in building designs acrossatit urban regions,
these results highlight the models' adeptness at recognising and distinguishing architectural
unigueness in varied urban settings.

Figure 9 compares the quartiles of predicted scores for buildings in the three cities.
Similar to the insights provided earlier, buildings in Amsterdam indicate a wide range of
architectural style indices, re ecting the city's rich historical legacy and its harmonious
integration of modern designs. Singapore's architecture also stands out in the “style”
dimension, with more buildings receiving lower scores compared to the other cities. This,
incorporated the prevalence of ordered and complex buildings, suggests a sense of regular-
ity and urbanisation in its cityscape. In contrast, buildings in San Francisco are generally
perceived as less ordered. Moreover, while all cities display similar levels of “boring”
facades, San Francisco's buildings show a wider range in this dimension, which may re ect
the city's diverse and distinctive architectural types and styles. This analyses provide global
insights into the unique architectural identities of each city and how they are perceived by
people.
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Figure 7: Image samples from Singapore, San Francisco and Amsterdam that were predicted with low original
scores (left) and high original scores (right). Source of imagery: Google Street View.
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Figure 8: Image samples from Singapore, San Francisco and Amsterdam that were predicted with low ordered
scores (left) and high ordered scores (right). Source of imagery: Google Street View.
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Figure 9: The comparative distribution of predicted scores for six perceptual dimensions of buildings in
Singapore, San Francisco, and Amsterdam.

To enhance the understanding of building style, the “style” category is divided into
two continuous values: “historical” and “modern” for subsequent analysis. This division
aims to clarify the extent to which buildings are recognised within these styles based on
equations:

8
H_%s 5 ifS>5 .
= ifS 5
8
85 S ifS<5
M=z . (4)
20 ifs 5

whereH and M represent the transformed score representing the building's historical and
modern signi cance, respectively, alis the original “style” score assigned to the build-
ings. If “style” scores above 5, indicating a certain historical signi cance, the score of

will be set toS 5, andM will be set to 0. For scores lower that 5, indicating modern
signi cance, H will be set to 0, whileM will be calculated as 5 S. These attributes are
then normalised and adjusted to a scale from 0 to 10. Following the score adjustment,
Figure 10a and Figure 10b illustrate the spatial distributions of the trends in perceiving
historical and modern building exteriors, respectively.
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