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A B S T R A C T

In response to climate change and urban heat island effects, enhancing human thermal comfort in cities
is crucial for sustainable urban development. Traditional methods for investigating the urban thermal
environment and corresponding human thermal comfort level are often resource intensive, inefficient, and
limited in scope. To address these challenges, we (1) introduce a new concept named thermal affordance, which
formalises the integrated inherent capacity of a streetscape to influence human thermal comfort based on its
visual and physical features; and (2) an efficient method to evaluate it (visual assessment of thermal affordance
— VATA), which combines street view imagery (SVI), online and in-field surveys, and statistical learning
algorithms. VATA extracts five categories of image features from SVI data and establishes 19 visual-perceptual
indicators for streetscape visual assessment. Using a multi-task neural network and elastic net regression,
we model their chained relationship to predict and comprehend thermal affordance for Singapore. VATA
predictions are validated with field-investigated OTC data, providing a cost-effective, scalable, and transferable
method to assess the thermal comfort potential of urban streetscape. Moreover, we demonstrate its utility by
generating a geospatially explicit mapping of thermal affordance, outlining a model update workflow for long-
term urban-scale analysis, and implementing a two-stage prediction and inference approach (IF-VPI-VATA) to
guide future streetscape improvements. This framework can inform streetscape design to support sustainable,
liveable, and resilient urban environments.
1. Introduction

1.1. Urban heat environment and outdoor thermal comfort (OTC)

The growing effect of urban heat island (UHI) has brought the
thermal environment of cities and their adaptive strategies into the
spotlight [1–5]. UHI is detrimental to the built environment — it
drives extreme climate changes [6,7], increases energy consumption
for cooling [8], and deteriorates health due to poor air quality and
decreased thermal comfort [9].

Outdoor thermal comfort (OTC), the subjective evaluation of one’s
satisfaction with urban thermal conditions, is a key area of study [10,
11]. Poor OTC that makes people feel hotter can raise skin tempera-
tures, increasing the risk of heat-related illness [12,13], and can even
affect mental health [14,15]. The growing concern around OTC has

∗ Corresponding author at: Department of Architecture, National University of Singapore, Singapore.
E-mail address: filip@nus.edu.sg (F. Biljecki).

driven the need for effective OTC evaluation methods [16]. How-
ever, traditional methods, which focus on field surveys and environ-
mental measurements, remain costly and limited in scalability and
precision [17–19]. The research by [20] offers a promising exam-
ple of high-resolution thermal climate mapping by integrating urban
morphology and meteorological data. Nevertheless, it lacks detailed
consideration of the street environment and does not incorporate sur-
vey or measurement validation of human comfort at the street level.
These constraints, amid climate change’s growing impact, call for im-
proved methods to assess urban-scale OTC, for fostering sustainable
street designs that enhance thermal comfort and urban livability.

Urban environments, characterised by their intricate and com-
plex nature, deviate significantly from the finite conditions of indoor
thermal comfort (ITC) evaluation. The multitude of diverse variables
present in urban environments, such as solar radiation and shade
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data mining, AI training, and similar technologies. 
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Nomenclature

Thermal Affordance Assessment
IF(s) Image feature
SVI(s) Street view imagery
VATA Visual assessment of thermal affordance
VPI(s) Visual-perceptual indicator
Thermal Comfort Assessment
HSNA Heart rate, solar intensity, noise level,

altitude
ITC Indoor thermal comfort
OTC Outdoor thermal comfort
UHI Urban heat island
Statistical Modelling
ENRM Elastic net regression model
MTNNL Multi-task neural network learning

availability, complicates climatic parameter control in OTC evalua-
ions [21]. This complexity hinders comprehensive OTC assessments

in urban areas [22]. To address this challenge, [23] developed the
physiological equivalent temperature (PET) for estimating outdoor
thermal conditions comparable to indoor environments. Another model
applied for OTC is the predicted mean vote (PMV), developed by [24],
which predicts the average thermal sensation on a scale from −3
(cold) to +3 (hot), based on six environmental factors: air temperature,
radiant temperature, relative humidity, air speed, clothing insulation,
nd metabolic rate. Recently, the universal thermal climate index
UTCI) has gained attention for its dynamic consideration of human

physiological responses, making it particularly suitable for urban envi-
ronments [25,26]. PET, PMV, and UTCI are now widely used for OTC
evaluation, though the complexity of urban meteorological variables
nd human factors makes the process challenging [22].

Traditional OTC measurements based on these indexes rely on me-
teorological instruments, field investigations, and surveys [27,28], but
hese methods are resource-intensive, limited in spatial coverage, and
ack geographical precision [16]. Such limitations highlight the need

for a scalable, cost-effective framework for urban-scale OTC assessment
that integrates multidimensional data while ensuring precision and
pplicability in sustainable urban planning. Moreover, recent advances
n ITC research have introduced active learning approaches to thermal

comfort modelling, enabling more adaptive and data-efficient solu-
ions [29–31]. These developments, coupled with the growing demand
or responsive planning frameworks, have paved the way for enhanced
hermal comfort assessment systems that not only integrate changing
nvironmental factors but also align with dynamic urban planning
eeds [32,33]. Together, these trends underline the shift towards a
ore efficient, responsive and adaptive framework for urban-scale OTC

valuation, which is essential for sustainable streetscape design and
uman-centric urban development in the digital era.

1.2. Visual assessment of streetscape quality based on street view imagery
(SVI)

Street view imagery (SVI) is a crucial tool for assessing the quality
f streetscapes and their social impacts in urban environments [34–39].

The visual composition of streetscapes provides a wealth of multidi-
mensional information, enabling researchers to understand the socioe-
conomic implications of built environments and guide improvements
in urban design [40]. SVI, paired with computer vision and GIS, has
become a standard method for large-scale streetscape analysis [41–46].
 o

2 
It supports both objective analysis of streetscape elements, including
image features (IF) such as geometry, colour, composition, and tex-
ture, and captures subjective visual-perceptual indicators (VPI) such
as visual comfort, enclosure, complexity, through online surveys [47–
49]. IF refers to the objective, measurable aspects of an image (SVI
in urban studies) that can be extracted and analysed through compu-
tational techniques [50–54], while VPI, on the other hand, refers to
the subjective, human-centred interpretations of streetscapes, capturing
how people perceive and experience the urban environment [42,55,
56].

SVI captures a variety of IFs that can be extracted using advanced
computer vision techniques. Algorithms like PSPNet [57] and FCN [58],
trained on datasets such as Cityscapes [59] and ADE20K [60], en-
able precise semantic segmentation of SVI. These algorithms allow
researchers to quantify the proportions of elements such as buildings,
trees, and roads, and open-source packages are developed for semantic
VI data analytics in urban planning [61–63]. In addition to streetscape

indices based on element percentages, other metrics have been de-
veloped to capture additional IFs of urban streetscapes in SVI. These
nclude vehicle and pedestrian counts [64], the architectural style and

building characteristics [65–67], urban scene types [68], and weather
conditions [69]. These metrics, derived from specialised computer
models and datasets, provide valuable spatial data for assessing urban
environment.

Beyond objective IFs derived from computer vision and SVI datasets,
human visual assessments of streetscapes involve subjective VPIs,
which are often interrelated [36,70]. These subjective qualities can
e evaluated using SVI-based VPI questionnaires [55], typically con-

ducted online. Participants rate or compare SVIs based on classic
ubjective VPIs such as imageability, enclosure, human scale, trans-

parency, complexity, and safety, reflecting their perceptions of urban
spaces [36,48,71]. Many studies have invited participants to perform
pairwise comparisons or grading-based (such as score range 1-10)
visual assessments of SVI to evaluate streetscape quality and subjective
visual perception they evoke [42,43,72].

As the urban thermal environment and corresponding thermal com-
ort are closely linked to the objective composition of streetscapes and

subjective visual perceptions [73–77], SVI has proven to be an impor-
tant instrument in this domain. For instance, [76] uses 3D morphologi-
cal data from SVI for street-level thermal mapping, while [77] combines
SVI features with urban social-physical data for seasonal thermal as-
sessments. When it comes to using streetscape elements and visual
perception for thermal comfort evaluation, [74] identifies three key
ways street greenery enhances thermal comfort across different street
ypes, based on SVI and micrometeorological measurements: lowering

radiant temperatures, improving streetscape aesthetics, and positively
nfluencing conscious perceptions of microclimate. Similarly, after the
valuation of streetscape design through satellite images and SVI, local
limate conditions, and ENVI-met modelling data, [75] suggests that
hermal comfort can be improved through open spaces and thought-

ful planting choices. Therefore, comprehensive visual assessments of
streetscape quality not only enhance aesthetics and functionality but
also improve thermal comfort and urban liveability.

1.3. Affordance information from SVI in urban studies

The theory of affordance, proposed by [78], highlights how the eco-
logical environment shapes perception and behaviour. Applied to the
built environment, affordances represent environmental features that
promote human perception and behaviour [78,79]. According to [78],
the environment acts as a ‘surface’ medium through which humans per-
eive and interact with their surroundings, offering clues to potential
ctions. The informational content and environmental characteristics
mbedded within the ‘surfaces’ constitute the ‘value’ and ‘meaning’
f a place. These features, defined as affordances and inferred from
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environmental attributes, indicate likely human perceptions and be-
haviours even without direct experience. [78] further emphasises that
this inherent affordance of the environment can be deduced through
visual assessment.

Affordance theory has been employed to elucidate the relation-
ship between the built environment and human mobility behaviour,
utilising geospatial indicators such as greenery index, street network

orphology metrics, and urban function density, to comprehend how
nvironments support activities like walking, biking, and running [72,

79–81]. The built environment provides a foundation for urban life,
nfluencing social activities, events, human movement, and exploration.
nderstanding these affordances is crucial for improving city condi-

ions. SVI, as a direct and human-centred data source, offers valuable
nsights into the built environment’s affordances. Until now, in con-
unction with SVI, affordance theory has been used to explain the
valuations of playability [82], runnability [79], and spatial naviga-

tion [83], which has been shown to be a robust theoretical framework
for explaining the relationship between urban attributes and human
perception or behaviour [79].

Both objective SVI indices and its subjective VPIs derived from
uman visual assessment offer insights into the affordances of urban
treetscapes. For example, greenery indices derived from these images
ink higher green views to increased pedestrian activity and improved
ental well-being [84,85], while visual complexity affects perceived

afety and comfort [86]. By combining objective SVI analysis with
subjective SVI assessment surveys, we can explore various urban spaces
and their perceptual and behavioural potentials across different ur-
ban scales [70,87]. This affordance analysis framework, using both
objective and subjective metrics, effectively evaluates urban environ-
ments and streetscape design [88,89]. These assessments can reveal a
ariety of human behaviours and urban outcomes, including walking
nd cycling patterns [90], property values [70,89], and public health
ndicators [91,92]. Superior streetscape design improves the visual
xperience, walkability, bikeability, environmental appeal, and public
ctivities, boosting the value of urban streets [93–95].

1.4. Research gaps and our response

The interrelation between thermal comfort and streetscape design
constitutes a significant area of study [96]. Based on existing liter-
ature [42,74–77], we posit that both the objective composition of
streetscape elements and subjective visual assessment could serve as
roxies for evaluating a streetscape’s capacity to influence human
hermal comfort. However, key research gaps persist.

Firstly, there is no clear concept for assessing the built environ-
ment’s objective properties that influence thermal comfort in
streetscape design. Although many studies have explored associations
etween streetscape elements, outdoor thermal environment, and
TC [76,77,97–99], a theoretical framework that explains these rela-

tionships remains underdeveloped. This limits the creation of a con-
vincing framework for sustainable streetscape design that improves
outdoor thermal comfort.

To address this gap, we introduce the concept of thermal affor-
ance (see details in Section 2), inspired by Gibson’s theory of environ-

mental affordance [78]. Our novel concept highlights the potential of
urban design to promote thermal comfort through streetscape element
onfigurations, forming the foundation for a data-driven framework to

analyse their impact on OTC.
Secondly, the use of human visual assessment in evaluating

streetscapes’ thermal conditions and their capability to impact thermal
comfort is rarely studied. While some research has touched on the
interaction between visual information from SVI and outdoor thermal
environments [74,76,100–102], they have not applied human visual
assessment to examine how streetscape element composition influences
thermal comfort. Some studies predict thermal environments using
SVI [76,77], but they overlook OTC and lack validation through field
 t
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experiments. Therefore, a methodological approach incorporating SVI
and human visual assessment is needed for urban-scale OTC evaluation,
validated by in-field OTC measurements. Moreover, while it is widely
accepted that street greenery improves OTC [74,96,103], the influence
of various streetscape elements on perceived thermal comfort remains
underexplored, especially regarding buildings, roads, and vehicles.

Our proposed visual assessment of thermal affordance (VATA)
ramework fills this gap by using SVI data and online questionnaires
o quantify thermal affordance by integrating image features (IF) and

human visual-perceptual indicators (VPI) from online surveys. VATA
provides a novel approach to urban OTC evaluation.

Third, the systematic application of multi-source urban data, such
as SVI, human visual-perceptual surveys, and in-field comfort and phys-
iological indicators, has not been fully adopted as an efficient workflow
for assessing OTC in urban environments. Although some studies have
linked SVI features with the urban thermal environment [76,100,104–
106], a verifiable, replicable, and street-level methodology for urban-
scale OTC evaluation supported by multi-source urban data has not yet
een built.

To address this methodological shortfall, our VATA framework in-
roduces a data-driven workflow that integrates SVI, human visual

assessments, and in-field comfort data. This approach enables the de-
velopment and validation of prediction and inference models based on
our proposed concept of thermal affordance, facilitating scalable and
recise OTC evaluation for sustainable urban planning.

1.5. Research question

Given the identified research gaps, we propose the following re-
search questions:

1. How can the concept of thermal affordance be utilised as a
theoretical framework to describe and assess urban street envi-
ronment properties that promote relative thermal comfort poten-
tial?

2. How can the visual assessment of thermal affordance (VATA)
framework be constructed based on elements that can be ex-
tracted from street view images (SVI) — image features (IF) and
human visual-perceptual indicators (VPI) — to perform predic-
tion and inference models to efficiently assess and understand
urban-scale streetscapes’ OTC potential (thermal affordance) for
sustainable urban planning?

3. How can we develop a multi-source data analysis workflow,
incorporating in-field outdoor thermal comfort (OTC) investiga-
tion data, to validate the VATA framework?

4. What analytical insights and urban planning frameworks can be
derived from the data outputs of the VATA framework to guide
sustainable streetscape design?

2. The idea of thermal affordance

2.1. Proposed definition of thermal affordance

As Gibson’s theory of affordance suggests [78], environments con-
tain inherent values and information that shape human perceptions and
behaviours. Thermal comfort, as part of human perceptions, reflects
both subjective satisfaction and objective factors such as air temper-
ature, air humidity, and wind speed [24,107–110]. We introduce the
oncept of ‘thermal affordance’ to describe the inherent capability

of an environment to impact thermal comfort. This concept integrates
arious environmental factors, indicating the possible thermal comfort
xperienced. Studies have shown the connection between thermal com-
ort and integrated environmental factors such as walkability [97] and

streetscape design [75], supporting the validity of thermal affordance.
Currently, the literature on thermal comfort presents various in-

erconnected concepts, each providing a different lens to understand
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Fig. 1. VATA conceptual framework: from thermal affordance to its visual assessment. Source of the SVI: Google Street View.
how individuals experience thermal environments [111]. For instance,
thermal comfort is defined by the ASHRAE Standard 55 as a ‘condition
of mind that expresses satisfaction with the thermal environment’, em-
phasising a subjective evaluation [112]. Meanwhile, thermal neutrality
refers to the conditions where the majority of individuals feel neither
warm nor cold [112,113]. Concepts such as the thermoneutral zone and
thermal sensation further highlight the physiological and psychological
dimensions of thermal comfort [114], with the latter focussing on how
people consciously perceive temperature [112,115].

These established concepts offer significant insights, but they re-
main largely subjective, relying heavily on individuals’ preferences
or perceptions. In contrast, our proposed notion of thermal affor-
dance aims to transcend individual subjectivity by focussing on the
inherent characteristics of the environment itself and its potential to
influence thermal comfort. While more concepts like thermal expecta-
tion or thermal satisfaction consider personal inclinations and thermal
experiences [107,116,117], thermal affordance unifies objective envi-
ronmental features, offering a more scalable and integrative framework
for OTC improvement in urban planning and design.

The necessity of introducing thermal affordance lies in its ability to
bridge the gap between subjective experiences of thermal environments
and the objective environmental factors that shape them. Such an
approach allows for a more comprehensive analysis, helping urban
planners make informed decisions that improve thermal comfort by
connecting measurable environmental properties with subjective or
individual-based assessments.
4 
We summarise several key characteristics of thermal affordance:
unity, objectivity, heuristic value, spatial dependency, interpretability,
and expandability, as illustrated in Fig. 1.

• Unity indicates that thermal affordance aims to encompass all
fixed variables that influence thermal comfort in the environment
into a unified set for description, based on the integration and
unity properties of affordance proposed by [118].

• Objectivity highlights the objective environmental information
encapsulated in thermal affordance, unaffected by individuals’
subjective perspectives, aligning with the idea of affordance as
an integration of objectivity in the environment [119].

• Heuristic value of thermal affordance suggests that the infor-
mation it encompasses can inspire understanding and analysis
of thermal comfort, and the various dimensions of information
within thermal affordance can mutually infer and enlighten one
another. For instance, [120] suggests the possibility that visual
data serve as heuristics for thermostats.

• Spatial dependency highlights variations in thermal comfort
caused by different spatial environments. Differences in spatial or
environmental properties have been shown to directly lead to a
difference in affordance [80]. Thermal affordance does not stress
absolute levels of thermal comfort, but rather emphasises spatial
differences between environments in their capacity to promote
thermal comfort.

• Interpretability means that thermal affordance has a clear infer-
ence relationship with environmental attributes, as environmental
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Fig. 2. Visual Assessment of Thermal Affordance (VATA) framework: from challenges to a solution.
affordance is composed of multiple influencing parameters [121].
Comprehending this inference relationship can aid urban planners
in enhancing thermal comfort through urban design.

• Expandability means that thermal affordance can continuously
incorporate additional environmental variables to update infor-
mation on an environment’s capacity to influence thermal com-
fort. More dimensions of information, such as lifestyle and
dwelling mode [80], have been shown to allow for a more com-
prehensive evaluation and analysis of environmental affordance.

2.2. Visual assessment of thermal affordance (VATA) framework

This study identifies four key challenges in urban-scale OTC evalu-
ation (Fig. 2): (1) Measurement of thermal comfort requires substantial
resources — labour, budget, and time [122]. (2) Current methods,
relying on physical instruments and surveys, can only cover limited
urban areas [123]. (3) Geographic precision is constrained for city-wide
OTC assessments [124]. (4) Urban OTC measurements are affected by
many uncontrollable environmental variables, unlike controlled indoor
experiments [10]. To address these challenges, we developed the VATA
5 
(visual assessment of thermal affordance) framework to enhance
urban-scale OTC assessments and improve understanding of urban
thermal environments.

This research continues to explore the intrinsic connection between
OTC in urban environments and visual data from SVI, shaped by
affordance information and personal experiences. First, SVI visual data
reflect objective characteristics of streetscapes, indicating streetscapes’
potential capability to promote thermal comfort and microclimate con-
ditions [125,126], which forms thermal affordance. Second, this visual
information is linked to individuals’ thermal perception, influenced
by memory and sensory experiences [127–129], which affects their
thermal affordance assessment. These insights form the foundation of
our VATA analysis, highlighting the role of visual characteristics and
perceptual experiences in OTC assessment. Using machine learning,
we combine SVI image features (IF) and visual-perceptual indicator
(VPI) survey data to predict the VATA metric, allowing us to visually
assess the urban environments’ capability to promote thermal com-
fort. Our model shows promise for streetscape assessment and VATA
prediction, as illustrated in Fig. 2.

Objective IFs from SVI reflect the urban environment from an indi-
vidual’s perspective in a three-dimensional, objective manner [35,130],
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capturing elements such as greening rate [131], tree canopies [132],
building information [65], urban function [133], and urban form [134].
These features, closely related to OTC, serve as affordance information
since OTC is influenced by surrounding urban elements [135,136],
enabling visual-environmental inference in urban studies [42,82,137].
The VPI information obtained through the SVI visual assessment sur-
veys further accounts for urban perceptions of individuals [56,138],
impacting socioeconomic dimensions such as bikeability [90], running
bility [139] and property prices [70]. VPI and OTC, as psychological
erceptions, subtly influence each other [74,140–142]. Fig. 1 illustrates

the relationships between IF, VPI, VATA and OTC, demonstrating that
the use of SVI for the evaluation of VATA and OTC is grounded in
both environmental and perceptual principles. These relationships are
not directly derived or scored from the survey data, as the problem
remains a ‘‘black box’’ with only separate scores available for IF,
VPI, VATA, and OTC. Accordingly, machine learning techniques —
including both predictive and inferential modelling — are used to
uncover and quantify these underlying relationships.

From another perspective, the intricate relationship between VATA
nd OTC can be deeply rooted in individuals’ long-term memory and
xperiential knowledge, as people’s sensory experience in urban envi-
onments is a long-term process. This kind of environmental experience
oes beyond short-term observations and involves complex reasoning

and memory processes in the brain [143–145]. For example, the as-
sociation of greenery with shading and cooling stems from prolonged
human experiences [146,147]. This knowledge enables individuals to
nfer OTC from visual cues, similar to how greenery is linked to cooler

temperatures and better thermal comfort [148–150]. Thus, subjec-
tive streetscape visual assessments in our VATA framework are also
grounded in the brain’s ability to interpret environmental cues based
on past experiences.

While VATA provides an efficient means of quantifying thermal
ffordance using SVI data, it is important to acknowledge that inte-
rating meteorological information, detailed geospatial data, remote
ensing imagery, and socio-cultural contexts can yield more compre-

hensive insights into how multiple factors collectively influence urban
thermal comfort [27,151,152]. Incorporating additional environmental
variables could further enhance the VATA framework by employing
dvanced data fusion and machine learning techniques, ultimately im-
roving predictive accuracy and informing more effective urban design
trategies.

3. Methodology

3.1. Research framework and study area

Fig. 3 presents the research framework for this study, built on
the VATA framework. We conducted an online SVI visual assessment
survey, evaluating VATA and 19 other VPIs based on 500 SVIs. Five
classes of IFs from SVI data, along with survey-based VATA and VPI
data, were used to develop datasets for statistical VATA prediction
and inference models. Using machine learning models, we can predict
and infer relationships between IFs, VPIs, and VATA based on their
respective scoring data, all drawn from the same set of 500 SVIs used
in the visual assessment survey. A multi-task neural network learning
model (MTNNL) was constructed with two stages: predicting VPIs from
Fs, and then predicting VATA from VPIs, using weighted loss values for

iterative training. This model was applied to predict VATA for 92,233
VIs in Singapore, and validated against real-world OTC data. A two-
tage elastic net regression model (ENRM) was also used to interpret
F-VPI-VATA relationships, offering insights for streetscape design. SVIs
re sourced from Google Street View [153].

Singapore serves as the study area due to its rich urban landscape
esign, diverse urban forms, consistent outdoor temperatures (25–
1 ◦C year-round) and perennial need to ensure OTC as a tropical
ity [154]. Our study includes an online SVI visual assessment sur-
ey, model prediction and inference, and validation using OTC field

data, aiming to propose a more efficient method for urban-scale OTC
assessment.
6 
3.2. Online SVI assessment survey setting

The study conducts an online SVI visual assessment survey on VATA
nd 19 other VPIs among 176 long-term Singapore residents using
00 SVIs. The survey aimed to capture residents’ subjective visual
ssessment of thermal affordance-related inferences and perceptions
owards various streetscapes shown in random SVIs. These results,
ombined with IFs, were used to train the MTNNL model to predict the
ATA metric, reflecting street-level thermal affordance evaluations.

Along with VATA, the 19 VPIs are grouped into four categories: mi-
croclimate inference, built environment evaluation, streetscape design
quality, and evoked emotion (Table 1). These VPIs were chosen to cap-
ure participants’ holistic visual-perceptual impressions of streetscapes,
ather than having them rate individual streetscape elements. Par-
icipants were presented with system-randomised pairs of SVIs from
he online survey for each indicator, which they compared directly.
his approach encouraged a more natural expression of their percep-
ions, free from the pressure of explicit grading tasks. The TrueSkill
lgorithm [155] was subsequently employed to analyse responses,
enerating rankings and scores for the 500 SVIs on VATA and each
PI. These scores were then normalised to a 0–5 scale for machine

earning regression (Fig. 4). The ranking algorithm consistently updates
he ranking score of winners and losers from pairwise comparisons,
tilising the survey results comprising 3168 pairs collected from all the
76 participants for scoring calculation. Since one assumption of the
rueSkill algorithm is that the performance of all ranking elements (500

mages in this case) follows a normal distribution, we can ultimately
visualise the scoring results as a normal distribution within a range
of 0 to 5 after normalisation, with the ideal population mean of 2.5.

he TrueSkill process was repeated 20 times to obtain scores for VATA
nd each VPI. Details of the TrueSkill algorithm, survey results, and
ample size explanation are introduced in Appendices A, B and D. These
rueSkill-derived scores enable us to employ predictive and inferential
odelling to construct the IF–VPI–VATA relationship.

To enhance model training based on SVIs and corresponding indi-
cator scores from the online SVI visual assessment survey, we apply six
data augmentations — resizing, normalising, random clipping, rotating,
colour jittering, and cropping — to the 500 images. These transfor-
mations enhance the model’s generalisation and robustness (Fig. 4).
or VATA and VPI scores, we set the standard deviation (std) of each
coring distribution to 1, balancing discriminative power and an even
core distribution. As illustrated in Fig. 4, a std of 0.5 centralises

the scores, limiting range, while a std of 1.5 flattens the distribution,
reducing distinction. Setting std to 1 strikes an optimal balance between
clarity and evenness.

To ensure diverse streetscape representation, 500 SVIs were selected
from a dataset of 92,233 SVIs across Singapore through the following
rocess:

1. 𝑘-means clustering of all SVIs based on 19 streetscape ele-
ments from semantic segmentation, following the streetscape
classification method outlined by [37].

2. Categorisation into five types of streetscape: vegetation-rich,
green-urban, open-urban, mixed-urban, and building-dominated.

3. Random selection of 100 images from each category, totalling
500 images for the survey.

Fig. 5 illustrates the streetscape element proportions and spatial dis-
tributions of these categories. This balanced selection ensures equitable
representation of each streetscape type, enhancing the VATA model’s
effectiveness by encompassing diverse urban environments. This ap-
proach underscores the importance of diversity and representativeness
in training data for machine learning applications in complex urban
settings.
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Fig. 3. Research framework based on IFs from SVI data, VPIs from online SVI visual assessment survey, and a two-stage MTNNL model for VATA prediction.
Table 1
Selected VPIs and associated questions for the online SVI assessment survey.

Visual-Perceptual Indicator (VPI) Question

Thermal affordance assessment Which street view image do you perceive as having a more
comfortable outdoor thermal environment for you?Visual Assessment of Thermal Affordance (VATA)

Microclimate inference Which street view image do you perceive exhibits a higher
outdoor temperature/sunlight intensity/humidity
inference/wind speed inference?

Temperature Intensity/Sunshine Intensity/Humidity
Inference/Wind Speed Inference

Environmental evaluation Which street view image do you think showcases higher
(more) traffic flow/greenery rate/shading areas/construction
material comfort?

Traffic Flow/Greenery Rate/Shading
Area/Construction Material Comfort

Design quality Which street view image stands out to you as a more
impressive place/enclosed space/accommodating for human
scale/transparent space/complex environment?

Imageability/Enclosure/Human-
Scale/Transparency/Complexity

Evoked emotion Which street view image do you feel evokes a more
safe/beautiful/lively/wealthy/boring/depressing atmosphere?Safe/Beautiful/Lively/Wealthy/Boring/Depressing
3.3. IF extracted from SVI data for model training and prediction

SVI data captures key aspects of urban street environments, such
as greening, architectural style, and overall urban scenes, which fea-
tures delineate the objective streetscape characteristics that contribute
to thermal affordance. By combining IFs from 500 SVIs with visual
assessment survey results, we train a MTNNL to model 19 VPIs and
VATA effectively.

As illustrated in Table 2, five categories of IF can be extracted from
a single SVI 𝑖 using various algorithms and datasets: semantic seg-
mentation identifies streetscape elements (e.g., buildings, vegetation),
convolutional data capture high-dimensional pixel representations, ob-
ject recognition counts objects (e.g., people, cars), pixel feature analysis
examines colour features, and scene recognition assesses the likeli-
hood of displaying specific scene type (e.g., commercial, natural).
Pre-trained models like DeepLabV3+ [156], ResNet-50 [157], Faster R-
CNN [158], and OpenCV [159], along with datasets like Cityscape [59],
COCO [160], and Places365 [161], are used to extract these IFs.
7 
Each SVI (ℎ × 𝑤 pixels) undergoes feature extraction, yielding five
tensors concatenated into a single tensor 𝑋 = (𝑃 , 𝐹 , 𝐴, 𝐶 , 𝑆). For a
dataset of 𝑚 images, this forms a tensor 𝐷1 of size 𝑁 × 𝑚, where 𝑁
is the total number of features in 𝑋𝑖. We also create dataset tensor
𝐷2 for an ENRM-based VATA inference model, excluding convolutional
features for better interpretability. Thus, this study provides two IF
datasets for modelling: 𝐷1 = [𝑃𝑖, 𝐹𝑖, 𝐴𝑖, 𝐶𝑖, 𝑆𝑖] and 𝐷2 = [𝑃𝑖, 𝐴𝑖, 𝐶𝑖, 𝑆𝑖]
for 𝑖 = 1,… , 𝑚. 𝐷1 serves as input for the MTNNL-based VATA
prediction model, while 𝐷2 trains the ENRM-based VATA inference
model, showing interpretable correlations between IF, VPI, and VATA.
Sub-features of IF under each category are listed in Appendix C.

3.4. Architecture of VATA prediction and inference model

VATA employs two main model architectures: the multi-task neural
network learning (MTNNL) for predictive analysis and the elastic net
regression model (ENRM) for inference analysis. MTNNL is used for
predicting VATA outcomes based on SVI and human visual assessment
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Fig. 4. Details on indicator scoring and data augmentation in the SVI visual assessment survey.
Fig. 5. SVI clustering based on segmentation results, and selection process for 500 SVIs taken for the online SVI visual assessment survey.
Table 2
Models and datasets applied for IF extraction from SVI data.

Extraction method Model/Lib Dataset Symbol Feature extracted

Semantic segmentation DeepLabV3+ Cityscape 𝑃𝑖 19 streetscape elements
Convolutional data ResNet-50 – 𝐹𝑖 convolutional tensor
Object detection Fast R-CNN COCO 𝐴𝑖 91 object categories
Pixel feature OpenCV – 𝐶𝑖 12 pixel visual feature
Scene recognition ResNet-50 Places365 𝑆𝑖 365 scene categories
results, leveraging its strong predictive power. ENRM, as a linear and
interpretable model, addresses collinearity issues and is suited for
VATA inference research. With separate scores obtained for IFs, VPIs,
and VATA for each image in the sample, we can use MTNNL to predict
VPIs and VATA scores from IF data, and employ ENRM to quantita-
tively determine how the visual environmental features encapsulated
in IFs influence both VPIs and VATA. In this process, VPIs act as an
intermediate layer that not only improves VATA prediction accuracy
but also deepens our understanding of the IF–VPI–VATA relationships.
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3.4.1. MTNNL model for VATA prediction
A MTNNL model is employed as the VATA prediction model and

is trained in two simultaneous stages, as shown in Fig. 6. The model
architecture is designed to allow for concurrent learning of two related
tasks, each corresponding to a different stage of training. In the first
stage, the model is trained on the dataset tensor 𝐷1, which contains five
types of IFs in 𝑚 SVI images. Simultaneously, an intermediate tensor
𝑉 is created, representing human visual-perception rating data for the
same 𝑚 images, where each image is graded on a 0–5 scale across 19
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Fig. 6. Overall architecture of VATA prediction and inference modelling.
human VPIs derived from our online SVI visual assessment survey.

𝐷1 =
[

𝐱1 𝐱2 ⋯ 𝐱𝑚
]

, 𝑉 =
[

𝐯1 𝐯2 ⋯ 𝐯𝑚
]

(1)

Here, 𝐱𝑖 is an 𝑛-dimensional feature vector for the 𝑖th image, and 𝐯𝑖
is a 19-dimensional perception vector for the same image. The model
learns a function 𝑓 ∶ 𝐷1 → 𝑉 mapping the image feature space to the
human visual perception indicator space.

In the second stage, 𝐷1 and 𝑉 are combined to predict VATA scores,
also on a 0–5 scale, learning a function 𝑔 ∶ (𝐷1, 𝑉 ) → 𝑌 , where 𝑌
represents the VATA tensor for 𝑚 images. The neural networks for these
two stages are trained simultaneously, and overall learning process
involves minimising the following integrated loss function:

𝐿 = 𝛼 𝐿𝑓 + (1 − 𝛼)𝐿𝑔 (2)

where 𝐿𝑓 is the loss for predicting the VPI tensor 𝑉 from 𝐷1, and 𝐿𝑔 is
the loss for predicting VATA from 𝐷1 and 𝑉 . The parameter 𝛼 controls
the balance between the two tasks.

During the training phase, the visual IF data derived from 500
images across five feature extraction aspects, along with the VPI percep-
tual data across 19 metrics and the final VATA data, will be partitioned
into a training set, a validation set, and a test set, adhering to a
ratio of 60%, 20%, and 20%, respectively. The model’s final predictive
performance will be assessed based on its MAE, MSE, RMSE, and
adjusted 𝑅2 on the test set, while the validation set plays a critical role
during the training process by helping to tune hyperparameters, select
the best model configuration, and monitor overfitting. The details of
the model training data and process are presented in Appendix E.

3.4.2. ENRM model for VATA inference
The ENRM model is used to establish an interpretable relation-

ship between IF in SVI data, human VPI, and VATA in our studies.
Combining ridge (L2) and lasso (L1) regularisations, ENRM effectively
handles feature collinearity and performs variable selection. The model
coefficients indicate the importance of each feature in explaining VATA
scores.

Given a dataset tensor 𝐷2 containing visual feature data from 𝑚
images, the ENRM can be mathematically formulated as:

𝑦̂𝑖 = 𝐱⊤𝑖 𝛽 , ‖𝛽‖1 =
𝑝
∑

𝑗=1
|𝛽𝑗 | , ‖𝛽‖22 =

𝑝
∑

𝑗=1
𝛽2𝑗 (3)

where 𝑦̂𝑖 is the VATA score for the 𝑖th image, 𝐱𝑖 is the feature tensor
of the 𝑖th image, 𝛽 is the coefficient tensor. Combining these elements,
the ENRM can be mathematically formulated as:

min
𝛽

{

1
2𝑚

𝑚
∑

𝑖=1

(

𝑦𝑖 − 𝐱⊤𝑖 𝛽
)2 + 𝜆1‖𝛽‖1 + 𝜆2‖𝛽‖

2
2

}

(4)

where 𝜆1 and 𝜆2 are regularisation parameters for L1 and L2 penalties,
respectively.
9 
The L1 regularisation component helps in feature selection by
shrinking irrelevant feature coefficients to zero, simplifying the model.
The L2 regularisation component addresses multicollinearity among
features, ensuring stable coefficient estimates. This model provides
interpretable insights into the two-stage inference relationship between
IF, VPI, and VATA scores (Fig. 6). By identifying key visual features and
perceptions contributing to VATA in urban settings, the ENRM aids in
developing informed urban design strategies.

3.5. VATA validation based on OTC dataset

To validate the effectiveness of the VATA framework in assessing
human thermal comfort in urban street environments, we employed
an on-the-ground OTC field survey dataset and data-driven statistical
evaluations. The validation utilised OTC measurements from field in-
vestigations conducted on the campus of the National University of
Singapore (NUS) [162]. These field investigations were carried out
independently from both the SVI-based visual assessments and the
subsequent VATA modelling efforts, ensuring that there was no pre-
established alignment or dependency between the datasets. This rela-
tive independence enhances the robustness of the validation process
by minimising the risk of bias and reinforcing the credibility of the
comparative analysis.

The survey involved 15 NUS students and 43 investigation points
along a continuous path (Fig. 7). The participants walked the path,
providing comfort ratings (1–10 scale) at each point. They wore Apple
Watches with the Cozie app [163] to collect subjective feedback and
heart rate data. Sound and solar intensity were measured using a
sound metre and a smartphone, respectively. These ‘thermal walk’
experiments [164] were carried out three times daily (10 am, 2 pm, 5
pm) over five consecutive days in July 2022. The resulting OTC dataset
includes average comfort scores, heart rate values, sunlight intensity,
noise levels, and altitude measurements. We specifically focused on
these parameters — readily captured via portable devices such as
smartphones and wearable sensors — due to their potential for rapid
variability across short distances. This enables fine-grained assessment
of thermal comfort differences along the walking route, without the
added complexity of factors like humidity or air temperature that tend
to remain relatively uniform over these small spatial scales. While
including additional factors such as humidity or air temperature mea-
surements could enhance the comprehensiveness of comfort modelling,
doing so is not the central focus of this study. Additionally, although
Singapore provides publicly available air temperature data, the uneven
spatial distribution and limited number of weather stations (where
sensors are located) create significant uncertainties when interpolating
localised conditions. Furthermore, the lack of measurements at very
short intervals further reduces the granularity of these data for our
fine-scale analysis.
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Fig. 7. Details of applying OTC field survey dataset as a validation method for VATA framework.
In addition, Google Street View images corresponding to each of the
43 investigation points were collected to facilitate visual-based VATA
predictions and validations. The Google Street View imagery used
was captured in the same year as the field investigation (2022), thus
ensuring temporal synchronisation. This alignment in timing allowed
for a more reliable comparison and modelling between the VATA
prediction scores and the on-site OTC measurements. The validation
methodology, described in Fig. 7, comprises two parts: (1) comparing
VATA with OTC to assess thermal affordance effectiveness by directly
comparing SVI-predicted VATA at 43 data points with corresponding
OTC values; and (2) using a multivariate linear modelling approach
combining VATA and HSNA indicators (heart rate, solar intensity, noise
level, and altitude) to evaluate VATA reliability in predicting OTC.
10 
4. Results

4.1. VATA prediction model performance

The MTNNL model has demonstrated superior performance in pre-
dicting VATA on the test set. As presented in Table 3, a comparative
analysis was conducted against various models, including Decision
Tree, KNN Regression, Support Vector Regression, ENRM, LightGBM,
Random Forest, Extreme Gradient Boosting, and CatBoost. The results
show that MTNNL consistently outperforms these models, achieving
the highest adjusted 𝑅2 (0.7316) and the lowest MAE (0.1960). This
improved performance is attributed to the model’s two-stage, two-
task prediction architecture, which leverages the advantages of deep
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Fig. 8. VATA predictions fitting surveyed thermal comfort data along the path (𝑝 < 0.001).
Table 3
VATA prediction model performance.

Model MAE MSE RMSE Adjusted 𝑅2

Decision tree 0.4509 0.7430 0.8620 0.1357
KNN regression 0.4192 0.6340 0.7963 0.2625
Support vector regression 0.3929 0.5858 0.7654 0.3186
ENRM (Lasso + Ridge) 0.2402 0.3159 0.5621 0.6325
LightGBM 0.2422 0.3106 0.5573 0.6388
Random forest 0.2161 0.2919 0.5403 0.6604
Extreme gradient boosting 0.2282 0.2906 0.5391 0.6619
CatBoost 0.2260 0.2888 0.5374 0.6640
MTNNL 0.1960 0.2339 0.4836 0.7316

learning for complex prediction tasks. Instead of directly predicting
VATA scores from IF, the MTNNL model incorporates an intermediary
variable layer, VPI, to account for human visual assessments, as shown
in Fig. 3. This two-stage approach enhances the model’s ability to
accurately predict VATA scores.

4.2. VATA framework validation results

4.2.1. SVI-predicted VATA score vs. surveyed comfort data
Using our OTC field survey dataset, we analysed the relationship

between SVI-predicted VATA scores and surveyed subjective comfort
data across 43 discrete points along a path. To account for non-
contiguous data points, we applied an exponential moving average
(EMA) to smooth the VATA and OTC data, with the smoothing formula
defined as:

𝑆𝑖 = 𝛼 ⋅𝑋𝑖 + (1 − 𝛼) ⋅ 𝑆𝑖−1 (5)

where 𝑆𝑖 is the smoothed value at the 𝑖th data point, 𝛼 is the smoothing
factor (between 0 and 1), 𝑋𝑖 is the actual value at the 𝑖th data point,
and 𝑆𝑖−1 is the smoothed value at the 𝑖− 1th data point. Fig. 8 present
the results for different smoothing factors.

The raw data yielded an adjusted 𝑅2 of 0.3790, indicating that
VATA explained 37.90% of the variance in comfort data. As the smooth-
ing factor decreased from 0.5 to 0.05, the adjusted 𝑅2 steadily im-
proved, approaching 1, indicating a stronger fit; this suggests that our
VATA prediction effectively captures the trend in the comfort data.
Compared to the smoothing factor of 0.05, 𝛼 equal to 0.3 can be a
more balanced smoothing factor in VATA evaluation practice, which
considers both continuous trends and actual measurement values, with
an adjusted 𝑅2 of 0.7541. These results confirm the validity of VATA as
a significant predictor of in-field OTC variations, though additional fac-
tors like physiological parameters and sunlight intensity also influence
thermal comfort.
11 
4.2.2. VATA-assisted comfort modelling vs. IF-assisted comfort modelling
We analysed the 43-point OTC field survey comfort data using

HSNA parameters (heart rate, solar intensity, noise level, altitude). The
performance of VATA+HSNA, IF+HSNA, and individual heart rate and
solar intensity models is summarised in Fig. 9. The VATA+HSNA model
outperformed all others, achieving an adjusted 𝑅2 of 0.8893, surpassing
IF+HSNA (adjusted 𝑅2 = 0.7784). This highlights VATA’s superior
ability to model thermal comfort compared to IF-based models. One
of the potential reasons for VATA’s improved performance can be its
ability to incorporate human visual-perceptual evaluations to construct
the perception logic chain IF-VPI-VATA-OTC, which more accurately
capture comfort perceptions.

HSNA alone explained 59.62% of the variance in comfort data, with
heart rate and solar intensity models achieving adjusted 𝑅2 values of
0.2940 and 0.5086, respectively. While VATA is a strong explanatory
variable for thermal comfort, accurate prediction of OTC requires its
integration with HSNA and additional environmental factors.

4.3. VATA mapping and spatial analysis

The trained VATA prediction model assigns a VATA value to each
of the 92,233 SVIs and aggregates them as average scores within
hexagonal spatial units (Fig. 10). Using the H3 geospatial indexing
system at resolution level 9, each hexagonal unit covers approximately
0.1 square kilometres, balancing precision and scalability for urban
planning-orientated geospatial analytics. The VATA framework offers
a valuable tool for enhancing urban quality of life by informing sus-
tainable streetscape planning and design. It provides a comprehensive
analysis of thermal affordance at the urban scale. By calculating and
visually representing the average VATA values for each hexagonal
spatial cell, the model effectively communicates the visual evaluation of
thermal affordance across urban streetscapes in Singapore. Hexagonal
spatial cells are colour coded to reflect varying levels of thermal affor-
dance: blue indicates high VATA values (3.24 < VATA ≤ 5), suggesting
superior thermal conditions due to shading and vegetation; red repre-
sents low values (0 ≤ VATA ≤ 1.76), indicating poor conditions from
sun exposure and limited greenery; grey signifies moderate thermal
affordance (1.76 < VATA ≤ 3.24).

The VATA mapping presented in Fig. 10 effectively visualises ther-
mal affordance across urban streetscapes. Low VATA areas, such as
Choa Chu Kang, lack continuous walking paths, greenery, and shaded
spaces, resulting in increased sun exposure and reduced comfort. In
contrast, high VATA areas like Windsor Nature Park feature well-
defined pedestrian paths and abundant vegetation, offering better ther-
mal affordance. Medium-rated areas such as Geylang neighbourhood
provide moderate comfort. Despite continuous pedestrian paths and
shaded areas, proximity to high-traffic zones or dense housing areas
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Fig. 9. Multivariate comfort modelling performance based on HSNA, VATA, and IF data (𝑝 < 0.001).
Fig. 10. VATA prediction result mapping for Singapore streetscapes.
introduces additional artificial heat sources that diminish overall ther-
mal affordance.

Figs. 11 and 12 illustrate the spatial distribution of high and low
VATA values, respectively. High-VATA areas, particularly city parks
such as Garden of Peace, Windsor Nature Park, and Bukit Timah
Nature Reserve, offer superior thermal comfort due to abundant green
spaces, highlighting their importance for urban planning and public
health. The exceptional VATA performance of the area around East
Coast Park further underscores the cooling effects of water bodies and
greenery in urban heat mitigation. In contrast, Fig. 12 reveals low-
VATA regions in the northwestern and eastern parts of Singapore,
presenting opportunities for improving streetscape thermal affordance.
Thus, the VATA framework serves as a valuable tool for urban planners
and designers to identify and improve thermal affordance levels across
different parts of a city, aiding the development of sustainable and
liveable environments.

4.4. IF-VPI-VATA two-stage inference modelling results

After establishing the VATA prediction model using MTNNL, we
developed an ENRM inference model based on 500 SVI-based online
survey results to better understand the IF-VPI-VATA inference relation-
ship, which helps future sustainable streetscape planning and design.
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Similarly to MTNNL, our ENRM-based inference modelling also em-
ploys a two-stage process: first, 52 IFs model 19 VPIs (stage-1 modelling
details provided in Appendix F); second, the superposition of these
two classes of features model VATA. The advantage of ENRM is that
it efficiently addresses collinearity and identifies significant factors.

Table 4 presents the results for IF-VATA, VPI-VATA, and two-stage
IF-VPI-VATA models. The two-stage model achieves the best perfor-
mance with an adjusted 𝑅2 of 0.7443, comparable to the MTNNL-based
prediction model (adjusted 𝑅2 = 0.7316). The feature weights derived
from the two-stage IF-VPI-VATA model highlight the positive and neg-
ative factors influencing thermal affordance. A detailed discussion of
these factors, including positive features (e.g., vegetation, shading area,
human scale) and negative features (e.g., traffic elements, complexity,
sunlight intensity), as well as design insights drawn from the inference
modelling, are provided in Appendices G and H.

5. Discussion

5.1. VATA framework on sustainable streetscape planning and design

Our proposed VATA framework offers a novel approach for
evaluating the thermal affordance of urban streetscapes at both
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Fig. 11. High level VATA area: Spatial distribution of VATA-comfortable streetscape area.
Fig. 12. Low level VATA area: Spatial distribution of potential area for streetscape enhancement.
urban-scale coverage and street-level resolution. Utilising SVIs across
Singapore, computer vision algorithms to extract IF, and an online SVI
visual assessment survey to investigate VPI, VATA supports sustainable
streetscape design. The high-resolution urban-scale VATA maps, cre-
ated after VATA prediction modelling and derived from averaging SVI
scores within hexagonal spatial units, are instrumental in identifying
urban areas with lower thermal affordance, helping urban planners
prioritise regions for streetscape improvements and enhance sustain-
ability. This targeted approach facilitates effective thermal affordance
evaluations and informed urban planning decisions.
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Furthermore, the inference modelling in our VATA framework is
particularly valuable for helping urban planners and designers under-
stand objective streetscape compositions (through 52 IFs), individuals’
subjective perceptions (through 19 VPIs), and their combined impact
on thermal affordance. By analysing the inference relationship IF-VPI-
VATA, urban planners and designers can strategically and organically
design and arrange streetscape elements that not only meet thermal
affordance standards but also elevate the overall quality of sustainable
urban streetscape planning and design.

Fig. 13 illustrates a continuous thermal affordance monitoring pro-
cess and the corresponding sustainable streetscape planning and design
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Table 4
ENRM models for IF-VATA, VPI-VATA, and IF+VPI-VATA inferences.

VATA model SVI Image Feature (IF) Visual-Perceptual Indicator (VPI) Two-stage model (IF + VPI)

Model parameter

𝛼 0.0289 0.0049 0.0070
L1 ratio 0.5 0.5 0.5
Intercept 2.4945 2.4945 2.4945

Performance

R2 0.6587 0.6918 0.7576
Adjusted R𝟐 0.6353 0.6823 0.7443
MAE 0.2804 0.2633 0.2184
MSE 0.2832 0.2557 0.2011
RMSE 0.5322 0.5057 0.4485
MAPE (%) 24.9150 23.4235 18.9456
AIC −564.8017 −649.8209 −747.8569
BIC −425.7196 −582.3871 −634.0625

Validation

Cross-validation score 0.5000 0.4114 0.3816
Mean VIF 2.4843 2.4923 2.0383

Model complexity

Significant coefficients 32 15 26
Total features 52 19 71
Fig. 13. Long-term sustainable streetscape planning and design based on continuous thermal affordance evaluation supported by VATA framework.
supported by the evolving VATA framework. In each monitoring cycle,
quarterly or monthly SVI data is collected, analysed using the VATA
model, and further applied to develop design guidelines to inform
sustainable streetscape planning and design. This process updates the
SVI dataset and VATA model for the next cycle, promoting a long-
term sustainable and environmentally friendly streetscape planning and
design paradigm in terms of thermal affordance.

The potential applications of VATA extend further. For residents,
VATA maps are instrumental in improving street-level thermal affor-
dance navigation. For urban planners and researchers, the open source
nature of the VATA framework encourages continuous improvement,
integrating more diverse metrics for comprehensive urban thermal
affordance analysis.

Importantly, while our current research focuses on streetscapes
within the hot tropical climate of Singapore, the VATA framework
and its underlying workflow can be methodologically transferred to
other cities. To achieve reliable outcomes under different climatic
and urban conditions, it is essential to conduct new local SVI visual
assessment surveys and incorporate locally relevant geospatial data.
Moreover, performing on-site thermal comfort validations in the target
cities would be a crucial step to fine-tune the model’s parameters,
ensuring the VATA approach remains robust and accurate. By doing
so, the VATA workflow can guide sustainable streetscape planning and
design across diverse environments while maintaining methodological
consistency, adaptability, and scientific rigour.

5.2. Limitations and future work

The primary objective of this research is to leverage visual features
in SVI and human assessment for a cost-effective, scalable approach
14 
to thermal affordance evaluation. However, certain limitations suggest
opportunities for future study. First, temporal variance in SVI was not
considered, omitting the possible impacts of time, weather conditions,
and seasons on thermal affordance assessment. Future research could
address this by sampling street views from the same locations at various
times. Second, the validation was conducted along a single continuous
path with 43 investigation points, which limits the diversity of environ-
mental conditions captured. Expanding to a broader selection of field
locations and incorporating microclimatic parameters (e.g. humidity,
air temperature, and wind speed) for the validation would enhance
both model robustness and generalisability.

Additionally, while visual cues provide valuable insights, they rep-
resent only one facet of urban conditions. Future research might incor-
porate complementary data sources such as satellite imagery, remote
sensing methods, or GIS-based analyses (e.g. land surface temperature
or vegetation indices) to achieve a more comprehensive understand-
ing of thermal affordance. Online surveys also pose limitations due
to potential biases from participants’ varied backgrounds and limited
professional expertise; however, they remain a practical means of data
collection within manageable constraints.

Finally, testing and validating this approach in multiple urban
contexts, possibly spanning diverse climatic zones and geospatial condi-
tions, would refine the framework and bolster its applicability. Through
these efforts, future work can offer a more robust, scalable, and uni-
versally relevant tool for assessing and improving thermal comfort in
urban environments worldwide.

6. Conclusions and contributions

This research introduces the concept of thermal affordance and
develops the visual assessment of thermal affordance — VATA method
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to evaluate built environments’ capability to enhance thermal comfort.
ey conclusions and contributions include:

1. Introducing thermal affordance, which describes the built envi-
ronment’s hidden information and inherent capability to pro-
mote thermal comfort. This new concept represents objective
and fixed environmental influences on thermal comfort percep-
tion.

2. Pioneering the VATA framework, which integrates objective
image features (IF) derived from street view imagery (SVI) with
subjective visual-perceptual indicators (VPI) from survey data
to build a two-stage neural network model for SVI-based cost-
effective urban-scale thermal affordance assessment.

3. Exploring the IF-VPI-VATA relationship through inference mod-
elling, contributing to the understanding of how visual compo-
sitions and human perceptions jointly shape thermal affordance,
informing future sustainable streetscape planning and design to
improve thermal comfort perception.

4. Generating a spatially detailed urban-scale mapping of thermal
affordance across Singapore’s streetscape, which is validated by
in-field thermal comfort data and transferable to other cities,
prioritising regions for future sustainable streetscape renovation.

5. Demonstrating that the validity of the VATA framework is sup-
ported by in-field comfort data. Comfort modelling based on
VATA metrics outperforms models relying solely on IF metrics,
highlighting the key role of VPI in the two-stage modelling
process.
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Appendix A. Introduction on TrueSkill algorithm in this study

The TrueSkill algorithm, developed by Microsoft Research [155], is
sed in this study to rank street view images (SVIs) based on pairwise
omparisons made by survey participants. Each image’s performance in

a comparison is modelled as a normal distribution, where the observed
performance 𝑝𝑖 is the sum of its true skill level 𝑠𝑖 and some random
oise 𝜖𝑖. This relationship can be expressed as follows:

𝑝𝑖 = 𝑠𝑖 + 𝜖𝑖 where 𝜖𝑖 ∼  (0, 𝛽2)
Here, 𝜖𝑖 is normally distributed with a mean of zero and variance 𝛽2,
representing uncertainties in human perception during the comparison
process.

After each comparison, the skill estimates of the two images in-
olved are updated using Bayesian inference. If image 𝑖 is rated higher
han image 𝑗, their skill levels are adjusted based on the following
ormulas:

𝜇′
𝑖 = 𝜇𝑖 +

𝜎2𝑖
𝑐

⋅ 𝛥, 𝜎′2𝑖 = 𝜎2𝑖

(

1 − 𝜎2𝑖
𝑐2

)

Here, 𝜇′
𝑖 and 𝜎′2𝑖 are the updated mean and variance for the image 𝑖,

and 𝛥 represents the performance difference between the two images.
The term 𝑐 is a normalisation factor that accounts for the uncertainty
in both images’ skill estimates.

TrueSkill operates under the assumption that all images’ perfor-
mances follow a normal distribution, which allows for an iterative
refinement of the skill estimates through multiple pairwise compar-
isons. As more comparisons are made, the algorithm becomes more
confident in the ranking, reflected in reduced variance for each image.

Once all comparisons are completed, the raw TrueSkill scores are
normalised to a 0–5 scale to ensure consistency across VATA and the
19 VPIs. The normalisation process is performed using the formula:

𝑆𝑖 =
𝑠𝑖 − min(𝑠)

max(𝑠) − min(𝑠)
× 5

where 𝑆𝑖 is the normalised score for image 𝑖, and 𝑠𝑖 is the raw skill
core. This normalisation ensures that the scores are comparable across
ifferent indicators and suitable for further analysis, such as machine
earning regression tasks.

Appendix B. Result of the online SVI visual assessment survey

The results of the SVI visual assessment survey (Fig. B.14) reveal
clear discrepancies in the scoring across all indicators, including VATA
and the other 19 VPIs, when comparing the five streetscape clus-
ters. Notable examples include indicators such as humidity inference,
greenery rate, and imageability. Streetscapes rich in vegetation tend to
receive higher average scores for humidity inference and greenery rate,
whereas streetscapes dominated by buildings score higher on average
for imageability. On the other hand, some indicators, like sunshine
intensity and traffic flow, show much smaller discrepancies across the
different clusters.

Appendix C. Subfeatures of IF datasets in VATA modelling

See Table C.5.

https://thermal-affordance.ual.sg/
https://github.com/Sijie-Yang/Thermal-Affordance
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Fig. B.14. Visualisation of online SVI visual assessment survey result.
Appendix D. Rationale explanation of the survey and training
sample sizes

Given the constraints on resources and participant availability for
the visual evaluation, it was essential to carefully determine an appro-
priate sample size. An excessively large number of images would risk
incomplete evaluations, leading to inaccurate results, while too small a
sample would fail to comprehensively represent the diversity of street
scenes. Thus, a balanced approach was needed to ensure both feasibility
and representativeness.

Our solution was to employ stratified sampling, incorporating equal
representation from five streetscape categories identified through a
𝑘-means clustering algorithm. From each category, 100 images were
randomly selected, yielding a total of 500 images. We invited 176
participants to perform 18 pairwise comparisons for each of the 19
VPI and VATA indicators. On average, each indicator was compared
6.34 times per image, resulting in 3168 pairwise comparisons per
16 
indicator. The methodology is detailed in Section 3.2, with relevant
visuals provided in Figs. 4 and 5.

A sample size of 500 images successfully captures the diversity
of streetscape features, as demonstrated in Fig. D.15. Subfigure (a)
highlights that a sample of 500 images captures the overall distribu-
tion of streetscapes across the first two principal components (PC1
and PC2) with a similarity of 0.95, ensuring comprehensive represen-
tation. Beyond this size, the marginal benefit of additional samples
diminishes significantly. Stratified sampling further improved coverage
of the feature space, increasing it from 0.47 to 0.67. This perfor-
mance matches what would typically require random sampling of
approximately 4000 images. Subfigure (b) visualises this improvement,
showing that the 500 sampled images (red dots) uniformly repre-
sent the overall distribution (blue dots) across the first 11 principal
components.

Fig. D.15 Subfigures (c) and (d) demonstrate that a training sample
size of 300 images is sufficient to estimate the average VATA score
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Table C.5
Main sub-features applied for modelling and analytics.

Visual feature type Sub-feature Definition

Semantic segmentation 𝑃𝑖

Built Env element 𝑃𝑖−𝐵 𝐵1 building The proportion of building structures like houses and offices.
𝐵2 wall The proportion of wall, vertical barriers made of concrete.
𝐵3 fence The proportion of fences, barriers made of wood or metal.

Transport element 𝑃𝑖−𝑇 𝑇 1 road The proportion of roads, paved pathways for vehicular traffic.
𝑇 2 traffic_infra The proportion of poles, traffic lights, and traffic signs.
𝑇 3 vehicle The proportion of cars, trucks, buses, motorcycles, and trains.

Nature element 𝑃𝑖−𝑁 𝑁1 sky The proportion of sky in the image.
𝑁2 vegetation The proportion of plants, trees, and bushes.
𝑁3 terrain The proportion of terrain, ground features like soil or rocks.

Human-scale element 𝑃𝑖−𝐻 𝐻1 person The proportion of people walking or standing.
𝐻2 sidewalk The proportion of pathways for pedestrians.
𝐻3 bicycle_rider The proportion of bicycles and riders.

Object detection 𝐴𝑖

Infrastructure object 𝐴𝑖−𝐼 𝐼1 traffic_light Number of traffic lights detected in the image.
𝐼2 stop_sign Number of stop signs detected in the image.
𝐼3 fire_hydrant Number of fire hydrants detected in the image.

Vehicular object 𝐴𝑖−𝑉 𝑉 1 car Number of cars detected in the image.
𝑉 2 bus Number of buses detected in the image.
𝑉 3 truck Number of trucks detected in the image.
𝑉 4 motorcycle Number of motorcycles detected in the image.

Human-scale object 𝐴𝑖−𝐻 𝐻1 person Number of persons detected in the image.
𝐻2 bench Number of benches detected in the image.
𝐻3 bicycle_rider Number of bicycles and riders detected in the image.

Pixel feature 𝐶𝑖

Pixel detail complexity 𝐶𝑖−𝐷 𝐷1 sharpness A measure of the texture clarity of the image.
𝐷2 entropy A measure of the texture randomness within the image.
𝐷3 canny_edge The ratio of edge pixels to overall pixels in the image.

Pixel aesthetic vibrancy 𝐶𝑖−𝐴 𝐴1 colourfulness An indicator of the richness and variety of colours in the image.
𝐴2 hue_std The standard deviation of the hue values in the image.
𝐴3 saturation_std The standard deviation of the saturation values in the image.
𝐴4 lightness_std The standard deviation of the lightness values in the image.
𝐴5 contrast The intensity difference between the light and dark areas.
𝐴6 image_variance The variance of the pixel values in the grayscale image.

Pixel average perception 𝐶𝑖−𝑃 𝑃 1 hue The average hue value of the pixels in the image.
𝑃 2 saturation The average saturation value of the pixels in the image.
𝑃 3 lightness The average lightness value of the pixels in the image.

Scene recognition 𝑆𝑖

Commercial scene 𝑆𝑖−𝐵 𝐵1 downtown Probability of the image being central business district.
𝐵2 office_building Probability of the image being building used for business or work.

Residential scene 𝑆𝑖−𝑅 𝑅1 apartment Probability of the image being outdoor view of apartments.
𝑅2 neighbourhood Probability of the image being area with houses and apartments.
𝑅3 food_court Probability of the image being dining area with multiple eateries.

Transportation scene 𝑆𝑖−𝑇 𝑇 1 parking_lot Probability of the image being area for parking vehicles.
𝑇 2 driveway Probability of the image being private road leading to a house
𝑇 3 highway Probability of the image being main road for fast travel.

Public space scene 𝑆𝑖−𝑃 𝑃 1 plaza Probability of the image being open public square.
𝑃 2 market/outdoor Probability of the image being outdoor market for shopping.
𝑃 3 campus Probability of the image being grounds of a university or college.
𝑃 4 promenade Probability of the image being public area for walking.

Nature and park scene 𝑆𝑖−𝑁 𝑁1 field/wild Probability of the image being natural open land.
𝑁2 forest_path Probability of the image being path through a forest.
𝑁3 forest_leaf Probability of the image being forest with broadleaf trees.
𝑁4 park Probability of the image being public green area.

Construction scene 𝑆𝑖−𝐶 𝐶1 construction Probability of the image being where buildings are being built.
𝐶2 industrial_area Probability of the image being industrial factory area.
c
D

within a 95% confidence interval (CI), with an error margin of only
5%, while 200 images from the survey sample are allocated for use
in the validation and test sets. This estimation assumes an ideal pop-
ulation mean of 2.5 (based on the normal distribution assumption of
the TrueSkill algorithm) and a data-augmented population standard
deviation of 1. Additionally, increasing the sample size does not result
in a significant reduction in CI width, as shown by the graph illustrating
the second derivative of the CI width. Moreover, as the sample size
increases from 300 to 500, the distribution of VATA scores remains
largely unchanged (K–S statistic < 0.05), further suggesting that a
 e

17 
representative and convergent sample of 300 images is convergent and
sufficient for training a VATA prediction model.

Appendix E. Details on MTNNL model training data and process

Fig. E.16.a and .c demonstrate that different streetscape categories
an influence their VATA scores obtained from the online survey.
uring the division of train/validation/test sets, it is ensured that an
qual quantity of each of the five streetscape categories is included
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Fig. D.15. Rationale analytics of survey sample size (500) and training sample size (300).
in every fold. Fig. E.16.b illustrates the training process for fold 1 in
k-fold cross-validation model training. Both validation loss and train
loss consistently decrease and stabilise, indicating that no overfitting
occurred during training.

Appendix F. Details on stage-1 ENRM models

From the stage-1 ENRM models shown in Table F.6, we can observe
that the 𝑅2 values for IF-VPI inference modelling in the microclimate
inference and environmental assessment sections — except for ‘mate-
rial comfort’ — exceed 0.6. This suggests that these VPIs are highly
predictable and can be effectively modelled using IFs. Additionally,
the VPIs ‘enclosure’, ‘transparency’, and ‘complexity’ in the design
quality section demonstrate strong consistency, while in the evoked
emotion section, only the 𝑅2 for ‘lively’ exceeds 0.6. This indicates
that most VPIs related to evoked emotions vary significantly between
individuals. It is crucial to consider both IF and VPI dimensions in
18 
VATA evaluation, as visual-perceptual indicators capture human visual-
perceptual interpretations that are not fully reflected in SVI image
features.

Appendix G. Feature weight analytics in the ENRM inference mod-
elling

The weights from the IF-VPI-VATA two-stage modelling are nor-
malised and the proportion distributions of positive and negative
weights are visualised as Sankey diagrams (Figs. G.17 and G.18).
Fig. G.17 highlights the proportional distribution of the weights of
positive features, where IFs and VPIs with higher weights significantly
enhance the VATA level of streetscapes. Conversely, Fig. G.18 shows
the proportional distribution of the weights of negative features, where
IFs and VPIs with higher absolute weights more strongly reduce the
VATA level of streetscapes.
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Fig. E.16. Train-validation-test set division in K-folds and training process metrics.
Table F.6
Stage-1 ENRM models for IF-VPI inference.

Perception model Adjusted R2 MAE MSE Significant coefficients (out of 52 IFs)

Microclimate inference

temp_intensity 0.6011 0.4091 0.5279 24
sun_intensity 0.6179 0.3852 0.4887 24
humidity_inference 0.6788 0.2983 0.3571 38
wind_inference 0.6417 0.3557 0.4610 27

Environment assessment

traffic_flow 0.6571 0.3289 0.4020 37
greenery_rate 0.7994 0.2263 0.2573 29
shading_area 0.8943 0.1017 0.1123 43
material_comfort 0.4069 0.4576 0.6333 29

Design quality

imageability 0.5105 0.4379 0.5660 37
enclosure 0.7927 0.2237 0.2515 26
human_scale 0.5209 0.4446 0.6198 25
transparency 0.6183 0.3843 0.4701 30
complexity 0.7375 0.2805 0.3275 41

Evoked emotion

safe 0.4235 0.4827 0.6568 32
lively 0.7102 0.2563 0.3125 32
beautiful 0.5598 0.3830 0.5093 34
wealthy 0.4072 0.5116 0.7259 35
boring 0.4378 0.4462 0.6072 35
depressing 0.4733 0.4526 0.6158 34
From all positive features, semantic elements like nature (vegeta-
tion, terrain, sky), open urban scenes (residential, campus, park), and
colourful pixel features (hue) dominate the IF. Key VPIs include micro-
climate inference (humidity, wind), environmental assessment (shading
area, material comfort), design quality (enclosure, human scale), and
emotional response (beautiful, safe). We summarise four important
aspects of IF and VPI that are conducive to improving the thermal affor-
dance level of streetscapes, as shown in Fig. G.17: (1) higher vegetation
and terrain proportions can bring a better street microclimate; (2) more
buildings and public spaces can increase the proportion of shading area;
(3) a better overall hue outlook of streetscapes can improve visual
comfort; (4) more human-scale infrastructures can make streetscape
spatial environments more human-friendly and comfortable.

From all negative features, pixel-level characteristics, traffic ele-
ments, and complex urban scenes dominate the IF, while essential VPIs
include temperature intensity, sunlight intensity, traffic flow, and com-
plexity. Four key aspects of IF and VPI that reduce thermal affordance
(Fig. G.18) are: (1) less shading area results in more direct sunlight and
19 
thus higher temperature; (2) a higher proportion of construction ma-
terials and complicated urban scenes (transport, construction) reduces
the proportion of green ecosystems in streetscapes; (3) more vehicular
transport elements imply fewer pedestrian connections; (4) lack of
human-scale designs indicates decreased infrastructure convenience.

In addition to the inference logic chains hidden in the IF-VPI-VATA
two-stage modelling mentioned above, more design implications can be
discovered and summarised on the basis of the VATA framework in the
long-term process of sustainable streetscape planning and design.

Appendix H. Further analytics on feature-wise relationships

H.1. Correlation among VATA and visual-perceptual indicators (VPI)

Fig. H.19 shows the cross-correlation matrix between VATA and 19
VPIs. The results reveal strong positive relationships between VATA
and several key VPIs, including humidity inference, wind inference,
human scale, shading area, greenery rate, material comfort, and trans-
parency. These correlations highlight the importance of green spaces
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Fig. G.17. Sankey diagram of positive feature weight proportion in the IF-VPI-VATA two-stage inference modelling.
Fig. G.18. Sankey diagram of negative feature weight proportion in the IF-VPI-VATA two-stage inference modelling.
and human-scale considerations in improving streetscape thermal affor-
dance. Conversely, traffic flow, imageability, enclosure, and complexity
exhibit negative correlations with VATA, suggesting that these el-
ements may detract from the overall thermal affordance of urban
environments.
20 
Fig. H.20 ranks VPIs’ correlations with VATA. Factors like humidity
inference, human scale, shading area, ‘beautiful’ emotion, and green-
ery rate are strongly positively correlated with VATA, significantly
contributing to thermal affordance. In contrast, temperature intensity,
sunshine intensity, ‘boring’ emotion, traffic flow, and complexity are
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Fig. H.19. Correlation coefficient among VATA and visual-perceptual indicators (VPI).
Fig. H.20. Ranking of VPIs’ correlation with VATS.
significantly negatively correlated with VATA, indicating their detri-
mental impact. Notably, imageability, transparency, and ‘depressing’
emotion show no significant correlations with VATA, suggesting that
these aspects, while important in urban design, may not directly in-
fluence thermal affordance assessment. This insight invites further
research into the nuanced role of urban form and aesthetics in shaping
human thermal affordance perception.
21 
H.2. Relationship between image features (IF) and visual-perceptual indi-
cators (VPI)

The exploration of correlations between IFs and VPIs reveals nu-
anced interactions that significantly influence urban thermal affordance
assessment. This study incorporates a comprehensive analysis of 52
IFs and 19 VPIs, offering a detailed cross-correlation evaluation. The
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Fig. H.21. Top six correlated IFs for each VPI.
Fig. H.22. Ranking of top twenty IFs’ correlation with VATA.
methodology prioritises the six most relevant IFs for each VPI providing
a ranked evaluation as depicted in Fig. H.21.

Vegetation emerges as a pivotal element, showing strong positive
correlations with humidity inference, greenery rate, shading area, and
human scale. It significantly influences VATA, as shown in Fig. H.22.
However, vegetation and terrain negatively correlate with temperature
22 
intensity, traffic flow, imageability, and complexity, highlighting the
complex interplay between natural and built elements in urban settings
and emphasising the critical role of vegetation and terrain in shaping
thermally sustainable streetscapes. Buildings present a mixed influence
on VATA and VPIs. They generally negatively impact VATA evaluation,
correlating positively with enclosure and complexity, and negatively
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with humidity inference, wind speed inference, greenery rate, and
uman scale. However, buildings contribute positively to the shading

area, aligning with vegetation to enhance VATA.
This intricate web of correlations underscores the multifaceted na-

ture of streetscape elements in determining visual assessment of urban
hermal comfort. It also calls attention to the necessity of a balanced
ntegration of natural and built components in urban planning to foster
ustainable and comfortable living environments.

Data availability

Data will be made available on request.
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