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Abstract

Understanding people’s preferences is crucial for urban planning, yet current
approaches often combine responses from multi-cultural populations, obscur-
ing demographic differences and risking amplifying biases. We conducted a
largescale urban visual perception survey of streetscapes worldwide using street
view imagery, examining how demographics — including gender, age, income,
education, race and ethnicity, and personality traits — shape perceptions among
1,000 participants with balanced demographics from five countries and 45 nation-
alities. This dataset, Street Perception Evaluation Considering Socioeconomics
(SPECS), reveals demographic- and personality-based differences across six tra-
ditional indicators — safe, lively, wealthy, beautiful, boring, depressing — and
four new ones — live nearby, walk, cycle, green. Location-based sentiments fur-
ther shape these preferences. Machine learning models trained on existing global
datasets tend to overestimate positive indicators and underestimate negative
ones compared to human responses, underscoring the need for local context. Our
study aspires to rectify the myopic treatment of street perception, which rarely
considers demographics or personality traits.
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1 Introduction

The urban environment fundamentally shapes human perception and behavior in
cities [1], with visual elements influencing both immediate perception and deeper cog-
nitive responses to spaces [2]. Urban visual perception — how people interpret and
respond to visual information in city environments — has become central to under-
standing urban experiences [3-5], particularly as Street View Imagery (SVI) has
revolutionized this research domain [6, 7]. Large-scale online surveys using SVI have
largely replaced traditional on-site fieldwork [7], significantly expanding geographic
scope and participant diversity [6, 8].

Building on this methodological evolution, the MIT Place Pulse projects [6, 9]
stand out for their unprecedented scale. Place Pulse 2.0 (PP2) collected ratings for
over 110,000 street view images from 56 cities across six continents, evaluated by par-
ticipants from 162 countries using pairwise comparisons for six perceptual indicators:
safe, lively, wealthy, beautiful, boring, and depressing. While machine learning mod-
els trained on these comparisons have advanced perception studies in multiple urban
regions [5, 10-12], these multi-city models may introduce bias or mask nuances in
subjective preferences.

These demographic and location-specific differences are crucial for effective urban
planning. Gender affects the perception of safety [13—16], with women generally per-
ceiving lower safety in scenes with overall low safety scores [14] and focusing on areas
outside the walking path [17], and responding differently to green spaces [18]. These
differences may be important for informing inclusive design and strategies to mitigate
urban heat challenges [19-22]. These studies revel helpful group-based preferences for
context-aware solutions [23] and equality initiatives [24].

Despite extensive research on demographic factors in urban planning [11, 18, 24,
25], most studies remain limited to single cities or specific demographics, with narrow
perceptual focus. Recent work has expanded geographic scope, e.g., examining bio-
philic perception across eight cities [8] or comparing resident surveys with multi-city
model predictions in Stockholm [11], but typically addresses single perceptual dimen-
sions with minimal demographic granularity. Additionally, personality factors, which
influence environment interpretation [26], urban spaces perception [26], and quality
of life [27, 28], remain under-explored in visual urban perception research. Urban sci-
ence thus lacks a comprehensive study examining, simultaneously, multiple locations
with diverse participants, including personality characteristics, across various percep-
tion dimensions. While perception is inherently personal, understanding how much is
driven by demographics and personality remains a critical research gap.

Our study analyzes urban visual perception across five continents through 1,000
demographically diverse participants from Santiago, Chile; the greater Amsterdam
area, Netherlands; Nigeria; Singapore; and San Francisco and Santa Clara, USA,
who rated 400 street-level images from their own or neighboring cities, addressing



critical gaps in previous research. Unlike most urban perception studies, we prior-
itized acquiring comprehensive demographic characteristics [29], including gender,
age, education, income, race/ethnicity, and personality traits (extraversion, agreeable-
ness, conscientiousness, neuroticism, and openness). Building on previous smaller-scale
deployments [30], we expanded both geographic scope and perceptual dimensions by
introducing four new indicators (live nearby, walk, cycle, and green) to complement
the traditional six (safe, lively, wealthy, beautiful, boring, and depressing).

Our statistical analyses identify how demographic characteristics and personality
traits moderate perception across multiple cities, while also examining magnitude bias
propagation in widely-used machine learning models trained on the PP2 dataset, which
are frequently applied to specific urban contexts such as Shanghai and Beijing [5],
Boston and Los Angeles [31], Amsterdam [32], and New York and Singapore [33].
We conducted comparative analyses in two key scenarios: multi-city imagery rated by
single-city participants and single-city imagery rated by multi-city participants. Addi-
tionally, we quantified how participants rated their own cities compared to others,
revealing critical differences in perception when using non-local imagery for local-
ized evaluation. Lastly, we validated our new proposed indicators by analyzing their
distinctiveness and complementary relationships with the existing six, highlighting
their potential to support ongoing urban research questions on liveability, cyclability,
walkability, and greenery.

Fig. 1 provides an overview of the research gaps, the key research question, and our
methodology. Through this comprehensive set of analyses and by making our dataset
and codebase publicly available, this work contributes substantially to diversity and
representation in SVI perception studies while establishing a foundation for context-
specific, human-centric urban visual perception research.

2 Results

2.1 Demographics and personalities as moderators of
perception

We evaluated whether the mean SVI perception Q scores significantly differ across
participants grouped by demographic characteristics and personality traits. We found
differences between demographic and personalities groups but they differ by locations,
i.e., where participants are from, and perceptual indicators (Figure 2). The highest
number of significant differences happened in populations grouped by gender, and
across all five demographics (gender, age group, annual household income bracket,
education level, and race and ethnicity) the traditional indicator safe had the most
intra-country differences, followed by our new indicator cycle. No significant differences
were found in negative indicators and only one significant difference was found in the
live nearby and lively indicator in gender and race and ethnicity groups, respectively,
in the USA. In terms of countries, we found differences in participants from San
Francisco and Santa Clara (USA) in four out of the five demographic characteristics
and no differences in any demographic group of participants from Santiago (Chile)
or Singapore. We noted gender differences under the live nearby, and cycle indicators
for specific countries (USA and Nigeria, respectively), and across all locations (e.g., Q
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Fig. 1: Research gaps and key questions in urban visual perception stud-
ies, followed by our methodology to bridge them. The profile survey included
demographics (gender, age group, education level, annual household income, and race
and ethnicity) and personality traits (extraversion, agreeableness, conscientiousness,
neuroticism, openness). The human perception ratings included the traditional six
indicators (safe, wealthy, lively, beautiful, depressing, and boring) and new proposed
four indicators (live nearby, walk, cycle, and green) for pairwise comparisons. Source
of imagery: Mapillary and KartaView contributors. We acknowledge the use of icons
from The Noun Project, created by various authors and licensed under CC BY 3.0.

scores calculated without grouping by countries) under the safe indicator (top plot in
Figure 2).

Differences between age groups occurred mostly among participants in the “21-29”
and “Above 50” groups (second plot from the top Figure 2). This group had differences
in perception for the cycle indicator in Netherlands. In groups formed by Annual
Household Income (AHI) brackets, we noticed the difference between participants in
the “Bottom” bracket in relation to the “Middle” and “Upper” brackets for perception
scores in the safe indicator in the USA (middle plot Figure 2).

Differences among participants’ education levels were only found in participants
from the USA. These differences happened between bachelor’s and postgraduate
degree holders for the safe indicator (fourth plot from the top Figure 2). Lastly, we
found differences in groups determined by the participants’ self-reported race and eth-
nicity in the USA (bottom plot in Figure 2). The differences for the lively indicator
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Fig. 2: Statistical difference of perception scores by demographics. Perception
Q scores are calculated from ratings by participants in each group for all (without
location grouping) and each location. Welch’s ANOVA was used for demographic
attributes with only two groups and for demographic attributes with more than two
groups, we performed the Games-Howell post-hoc test. Minimum sample size n (rated
images with at least four pairwise comparison by participants per group) is shown for
each demographic profile. Locations with no significant differences in any indicator and
demographic groups with fewer than n samples are not shown. Significance thresholds
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appeared between “Asian or Pacific Islanders” and “White or Caucasian” participants.
The demographic groups on our dataset are consistent with the population mix in the
sampled cities of San Francisco and Santa Clara (USA)

While overall we found fewer differences within demographic interaction nested
groups, i.e., a total of four compared to eight in single demographic groups (Figure 2),
among all the combinations of ‘gender x age group x AHI’ nested groups, half the
differences happened within-country and half across all locations (Extended data Fig.
1). Differences formed by all three demographics combined were found for the lively
indicator between “Female x 30-39 x Bottom” and “Male x 21-29 x Middle” nested
groups only when all participants’ responses were combined, although under a small
sample size (n > 5, top plot in Extended Data Fig. 1). Within ‘gender x age group’
nested groups perception differences for the walk indicator between genders of the
“Above 50" age group in the USA also under a smaller sample size (n > 5, second plot
from the top Extended data Fig. 1). Then, differences for the safe indicator between
genders of the “Middle” AHI group were found in Netherlands under a larger sample
size. Finally, perceptual differences between age groups “21-29” and “30-39” of the
“Bottom” AHI bracket were found for the lively indicator across all locations. Both
perceptual differences for safe and lively were found with higher sample size (n > 20,
last two bottom plots Extended data Fig. 1, respectively).

We also found differences in participants with the most distinct personality traits,
i.e., when their intra-country personality trait score was <Q1 or >Q3, i.e., within the
25" and 75" percentiles, respectively. The most significant differences happened in
populations grouped by their extraversion and conscientiousness score, with similar
number of overall differences compared to the single demographic analysis (seven and
eight differences, respectively). Unlike the single demographic analysis, one significant
difference was found under a negative indicator, boring, between personality scores in
openness in Nigeria, albeit with the lowest sample size among the personality groups
(n > 5, bottom plot Figure 3). Similarly to the demographic analysis, we did not
found differences in participants from Santiago (Chile) but found two difference in two
personality groups in participants from Singapore.

Perceptual differences among participants with high and low personality scores in
extraversion exist for the lively and beautiful indicators in Nigeria and San Francisco
and Santa Clara (USA) (top plot Figure 3). Among participants with agreeableness
traits, we found differences in the new green indicator in Singapore (seconc plot from
the top Figure 3). Differences between participants with conscientiousness personality
traits are notable for the safe and walk indicators in participants from San Francisco
and Santa Clara (USA) and across all locations, respectively (middle plot Figure 3).
Lastly, we saw one difference in the personality trait of neuroticism for the wealthy
indicator in Singapore (fourth plot from the top Figure 3).

2.2 Multi-city imagery & single-city participants

We looked at how people living in the same place perceive different cities and com-
pared them with the perceptual predictions of an off-the-shelf deep learning model
fine-tuned with a global dataset (ViT-PP2). Overall, we found small but notice-
able differences in perception scores given by participants in different countries, and
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Fig. 3: Statistical difference of perception scores by personality traits. Per-
ception Q scores are calculated from ratings by participants in each group for all
(without location grouping) and each location. We performed the Games-Howell post-
hoc test and the minimum sample size n (rated images with at least four pairwise
comparison by participants per group) is shown for each personality trait <Q1 and
>Q3 quartile. Locations with no significant differences in any indicator and personality
groups with fewer than n samples are not shown. Significance thresholds at p < 0.05.

that ViT-PP2 perceptual predictions over and underestimate positive and negative
indicators, respectively (top plot in Figure 4).

The distribution and spread of perception Q scores, calculated by where partici-
pants are from, shows little variability between countries and indicators. We noted the
differences when focusing on the median of each distribution and comparing it with
the score median of all combined ratings (black dot and orange vertical dashed line in
the top plot in Figure 4). In particular, we see lesser variability in the median scores
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for the safe and depressing indicators, as noted by the black filled circles being closely
vertically aligned with the orange dashed line.

The perception scores given by the ViT-PP2 model do not follow this trend. These
scores are overestimated, with median scores 15%, 71%, 24%, and 38% higher than
the combined (All) median, in positive indicators — safe, lively, wealthy, and beautiful,
respectively. Conversely, the scores are underestimated with median scores as low
as 32% lower than the combined (All) median, in negative indicators — boring and
depressing. The difference in the latter is much lesser, with the combined (All) median
Q Score being 1% lower than the ViT-PP2 median, and the only difference that is not
statistically significant (bottom left subfigure on top plot in Figure 4).

2.3 Single-city imagery & multi-city participants

In our third analysis, we compared how people from all five different countries per-
ceived the same city and also compared these perception scores with the perception
predictions from ViT-PP2. Unsurprisingly, we found that different cities are perceived
differently, e.g., different median perception scores for all cities across indicators.
However, we also found that the difference between a city’s SVI median perception
score and ViT-PP2 predicted score fluctuates depending on the indicator. Similarly
to the previous analysis, we found that ViT-PP2 perceptual predictions over and
underestimate positive and negative indicators, respectively (middle plot in Figure 4).

The difference between perception @ scores distributions of the different cities’
SVI is more visually apparent here, and we see the variability for their median score
in each indicator by following the position of the green-filled circles, as they are far
from being vertically aligned. We found the highest difference, across all countries,
between the ViT-PP2 median predicted perception and the city’s SVI median percep-
tion, from 45% to an 84% increase, for the lively indicator. The smaller differences,
from 9% decrease to 3% increase, are in the depressing indicator, with exceptions for
SVI from Abuja (31% increase) and San Francisco (37% decrease). Not surprisingly,
the smallest differences in Amsterdam and all combined countries are the only dif-
ferences that are not statistically significant in this indicator. The safe and wealthy
indicators also show countries with small differences between their ground truth and
the predicted scores. For the safe indicator, we saw a 3% increase in Santiago, while
for the wealthy indicator, a 13% increase alongside an approximately 8% increase in
Abuja and Singapore. None of these differences were statistically significant.

As we encountered in the previous analysis, comparing perception scores of multi-
city SVI from single-city participants, the perception scores predicted by the ViT-PP2
model overestimate positive indicators (safe, lively, wealthy, and beautiful), and under-
estimate negative ones (boring and depressing). We observe this as the black-filled
circle (model median) is on the right of the green-filled circle (country SVI median)
for overestimates and vice-versa for underestimates, and most differences are statisti-
cally significant (middle plot in Figure 4). Similarly, we found some exceptions in the
depressing indicator where the median values are almost overlapping in Singapore,
Amsterdam, and all combined cities.



2.4 Perceptual variation from residents vs non-residents

As the last comparison of perception Q scores, we expanded on the second analysis on
multiple-city SVI and single-city participants and looked into how people living in the
same, or neighboring, city perceive other cities relative to their own. We analyzed the
average change in the perception scores, scaled to z-scores within participants’ loca-
tions to debias responses from cultural and location-based influences, of participants
who rated the SVI of their own city compared to the SVI of the other four cities. We
found that some populations perceived their city mostly better (higher positive indi-
cators scores) and others perceived their city overall worse (lower positive indicator
and higher negative indicator scores) (bottom plot in Figure 4). In this figure, the
differences shown on the slopes are based on z-scores and allow us to compare how
different a response is when compared to all responses, i.e., standard deviation units
(SDs). This format allows us to avoid the participants’ bias that could appear when
using absolute perception Q scores.

More than 78% participants in each country have lived in their respective cities —
Santiago (Chile), the greater Amsterdam area (Netherlands), Nigeria (multiple cities),
Singapore, and San Francisco and Santa Clara (USA) — for more than five years, and
less than 5% of them for less than one year (Supplementary material Table 1). This
time spent living in the city suggests that the participants would have assimilated
into the local culture, customs, and behaviors, and their responses can be regarded as
those of someone originally from that area.

Participants from the greater Amsterdam region have a mostly better perception
of Amsterdam, compared to the other four cities. These participants rated the other
four cities, on average, between 0.03 and 0.29 SDs lower in positive indicators lively,
wealthy, and beautiful, and in our new proposed indicators walk, cycle, and green.
The indicator safe and live nearby were the exception where the other four cities
were perceived, on average, 0.05 and 0.09 SDs higher, respectively. They also rated
Amsterdam, on average, 0.12 and 0.13 SDs more boring and depressing, respectively.

Participants from San Francisco and Santa Clara also rated San Francisco SVI
higher (0.07 to 0.31 SDs more) on average in all positive indicators and all new indi-
cators, except for lively and beautiful. They also rated other cities as more boring and
depressing on average (0.06 and 0.15 SDs, respectively). In Singapore, the results are
more mixed. The city is perceived on average slightly higher and lower in positive
indicators. The indicators safe and lively are perceived 0.05 SDs higher, and the indi-
cators wealthy and beautiful are perceived 0.12 and 0.18 SDs lower. The city is also
perceived, on average, as less boring (0.04 SDs) and slightly more depressing (0.01
SDs). Lastly, participants in Singapore also perceived their city, on average, as less
walkable and green (0.14 and 0.13 SDs less), 0.06 SDs more cycleable, and 0.14 SDs
more suitable to live nearby than other cities. Interestingly, these results are consistent
with the city’s geographic characteristics of tropical weather and high temperatures.
Despite the city’s abundant greenery, this is not reflected in the green scores. Results in
Nigeria follow a similar mixed trend. Participants in Nigeria rated Abuja, on average,
around 0.22 SDs more safe and lively and 0.13 and 0.39 SDs less wealthy and beau-
tiful, respectively. The city is also perceived 0.36 SDs less boring and 0.06 SDs more
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Fig. 5: Correlation between our four new indicators (rows) and the six pre-
dominantly used indicators (columns) across all locations. Pearson correlation
R-values where all correlations are significant (p < 0.05) except for the correlations of
the green indicator and the positive indicator wealthy and negative indicators boring
and depressing. Minimum sample size n (rated images with at least 22 pairwise com-
parison by participants per indicator) is shown.

depressing. Among the new indicators, the city was perceived, on average, between
0.05 and 0.17 SDs higher than live nearby, walk, cycle, and green.

On the other hand, results from participants in Santiago suggest its participants
perceive them mostly worse: lower in positive indicators and higher in negative indi-
cators. The city was perceived as 0.01 to 0.48 SDs lower in all positive indicators,
including our new four proposed indicators, and around 0.14 higher in all negative
indicators. The highest differences are in the beautiful indicator, with scores for the
other cities being 0.48 SDs higher on average.

2.5 Perceptual indicators correlation

We performed a linear correlation analysis and found that our new proposed indica-
tors correctly capture the positive and negative sentiment of the existing perception
indicators. The new indicators live nearby, walk, and cycle show a positive correlation
(R>0.40) with the traditional positive indicators (safe, lively, wealthy, and beautiful)
and a negative correlation (R<-0.40) with the negative indicators (boring and depress-
ing) (Figure 5). An exception is seen in the relationship between cycle and lively
(R>0.20) and cycle and boring (R<-0.20). The newly proposed green indicator shows
an inverse result of negative correlation with a positive indicator (lively) and vice versa
(boring). An extended linear correlation analysis is shown in Extended data Fig. 2.
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We further investigated non-linear relationships with polynomial regressions.
Extended data Fig. 3 shows the best fitting curve in red (linear, quadratic, or cubic)
in terms of R?, for the different perceptual pairs, i.e., new indicator vs traditional
indicator. In most instances, the best fitting model for live nearby, walk, and cycle is a
linear model (in three, five, and four out of the six perceptual pairs, respectively). In
the remaining perceptual pairs, the best fitting model has, in all but one case, an R?
value 0.1 higher than the respective linear model, with the highest difference being 0.2
in the live nearby vs wealthy pair. This suggests that these three new perceptual indi-
cators are predominately linearly correlated with the traditional six indicators. The
green perceptual indicator appears to have a more complex relationship with the tra-
ditional six indicators (Extended data Fig. 3d). This indicator best correlates linearly
with safe and lively, R values of 0.30 and -0.19, respectively and R? values of 0.09
and 0.04. There is a weak non-linear relationship between the green perceptual indi-
cator and wealthy, boring, and depressing indicators (0.03 < R? < 0.05), though still
three times higher than R? values from linear models. Nevertheless, the relationship
between green and beautiful, although relatively low (R? = 0.12 with a cubic model
and R? = 0.11 with a linear model), is as much as three times higher in R? values
than the other correlations.

3 Discussion

Across all cities chosen, the statistical analysis revealed that differences in global
urban visual perception are explained by demographics and personalities (Figure 2).
While existing work found safety perceptions, in specific locations, are explained by
gender [14-16, 34, 35|, our findings revealed a potential aggregated difference when
considering all five locations together. Similar to work done in [11], we did not find
statistically significant differences between age groups for safety perceptions, although
the age group representation in said work was less granular: below or above 50 years
old. Another work also did not find significant differences in perception scores by age
or gender [9], although similarly to [11], age groups were analyzed as below or above a
given age, i.e., 28 years old in said study. Unlike work in [34], we did not find significant
differences in the boring indicator for gender, or any, demographic groups. Neverthe-
less, our findings show that in other indicators, both traditional and new, there are
significant differences for all five demographic characteristics in different countries.
More importantly, these significant differences are found in cities from continents often
overlooked by the research community, e.g., Africa [36]. Furthermore, although nested
demographic groups presented limitations in sample size, we found significant differ-
ences with reasonable sample sizes (n > 20) in groups that included AHI (Extended
data Fig. 1).

Our findings on personality traits follow this same trend (Figure 3). With a similar
amount of differences compared to those observed across single demographic groups,
Abuja (Nigeria), Singapore, and San Francisco and Santa Clara (USA) exhibit dif-
ferences among residents with distinct personality traits, e.g., personality scores in
either Q1 or Q3 of their cities. Personality traits have been linked with subjective
well-being, for example, conscientiousness was found to be a good predictor of life
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satisfaction [37]. Personality groups based on this, and the extraversion trait, led to
the most significant differences including when all participants’ ratings were com-
bined (middle plot in Figure 3). These results open the opportunity to quantify how
urban streetscapes are perceived by residents of different levels of well-being. Despite
the remaining three personality traits showing only one significant association, our
overall findings reinforce ample literature correlating personality and landscape pref-
erence and the relationship of personality and aesthetic judgment [38]. These links are
crucial when designing tailored urban solutions as most of the significant differences
over demographic and personality profiles were found within countries, 15 differences
compared to four differences across all locations.

Our quantitative study expands the understanding of machine learning model
magnitude bias on urban visual perception prediction, corroborates the perception
differences from different populations and how different cities are perceived, and quan-
tifies the influence of someone’s location when rating their cities (Figure 4). Supporting
previous ideas of cities’ identity and their characteristics being captured by machine
learning models [39, 40], we found that the predictions of ViT-PP2, a model trained
on PP2 [6], differ consistently with our diverse dataset. While we noted differences
between how participants from each city rated all SVI and between how all partic-
ipants rated each city (top and middle plot in Figure 4), the predicted perception
scores paint optimistic and pessimistic scenarios for the different cities. In both sce-
narios, albeit with some exceptions, the predicted perceptions of a one-size-fits-all and
off-the-shelf model are statistically higher than the ground truth scores under positive
indicators and statistically lower under negative indicators. Moreover, participants
seem to rely on visual familiarity; influenced by cultural differences, location-specific
norms, and preconceived conceptions of the geography; when rating their own city and
others. Despite not having information on the location of the SVI, i.e., the pairwise
comparison did not show the city the SVI is from, participants appeared to either be
familiar with their city or could identify characteristics similar to their city and use
that as a reference when rating other cities they might not be familiar with (bottom
plot in Figure 4).

We hypothesize that these location-specific visual references provide a perceptual
baseline that becomes normalized for participants from specific locations as visual
expectations develop differently across urban contexts [41]. For example, Dutch res-
idents’ expectation of excellent cycling infrastructure may lead them to give lower
scores to streetscapes in other cities, where bike facilities rarely match the quality
found at home. Conversely, participants who do not reside in the Netherlands might
rely on their preconceptions or expectations of that country, or countries with similar
infrastructure, resulting in higher perception scores on imagery from Amsterdam. For
instance, the median SVI perception scores for Amsterdam, rated by all participants,
are the highest on all positive indicators across all cities (middle plot in Figure 4).
As the majority of participants have lived in their respective cities for more than five
years, the unique characteristics of these cities may be ingrained in their inhabitants.
It is also possible that their higher or lower scores could extend to cities culturally or
architecturally similar to their own. For example, participants from Santiago (Chile),
might rate SVI from Lima (Peru), with similar scores, given the similarities of both
cities.
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Our work asserts the importance of multi-city and multi-population analysis. Pre-
vious multi-country work either analyzed only a single country of residency of a
dataset [9], did not consider participants’ location [6], or focused on a single feature,
e.g., biophilia [8]. Equally importantly, our work evidences that targeted interven-
tion should consider the perception of locals in their own city [42], as it will differ
greatly if the perceptual evaluation is done using external SVI or by a machine learn-
ing model prediction [16]. Nevertheless, we do not claim generalization or universality
of these patterns, and we are limited to evaluating a single city in each country as
the scope of this work. Our contribution lies in thoroughly assessing and quantifying
these perceptual differences across multiple locations and populations, highlighting
the importance of human-centric and context-aware methodologies for future larger
urban visual perceptions studies. While we handled inter-country biases by analyzing
demeaned perception scores in their respective locations (bottom plot in Figure 4), in-
depth analysis on cross-cultural, location-based biases remains a promising research
direction. At the same time, intra-country differences should be further analyzed,
especially in larger and more diverse countries.

Despite the demographic diversity and geographic location of participants, most
of our proposed indicators (live nearby, cycle, and walk) capture, predominantly lin-
early, the trends of the existing six indicators. These new dimensions are able to
expand perception studies with indicators reflecting a user’s willingness to be associ-
ated with an urban scene (e.g., live, walk, or cycle in the surroundings). The green
indicator introduces the opportunity to expand greenery assessment from traditional
objective measurements such as pixel-ratio metrics, e.g., Green View Index (GVI), to
subjective context-aware human perception data. While the relationships found with
other perceptual indicators were more complex and nonlinear, we found around half
of the statistically significant differences in perception scores between demographic
and personality profiles (6 out of 13) under these four new indicators. These high-
light the potential of these indicators as input for targeted interventions. As different
demographic groups in diverse location perceive them differently; e.g., different live
nearby and cycle preferences between gender groups in San Francisco and Santa
Clara (USA), and Abuja (Nigeria), respectively (Figure 2); different green preferences
between high and low agreeableness groups in Singapore; and different walk pref-
erences in genders of a given age group in San Francisco and Santa Clara (USA)
(Extended data Fig. 1). These indicators offer a clearer human subjective perspec-
tive that, when complemented with objective measurements, leads to improved urban
solutions and assessments [11, 33, 42]. We propose that researchers consider including
these indicators where possible and when relevant.

This work contributes to the few studies in multi-city perception, emphasizes
the importance of human-centric data collection, and releases a global and diverse
perception dataset. Methodologically, we introduced a global and, participants-wise,
demographically balanced urban visual perception dataset called Street Perception
Evaluation Considering Socioeconomics (SPECS) and we thoroughly analyzed per-
ception scores by demographic and personality groups. Moreover, we quantified and
statistically verified the magnitude bias of off-the-shelf machine learning models in
perceptual predictions despite being trained on a global dataset like PP2, we isolated
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and analyzed the effect of how people are influenced by preconceived conceptions
of urban contexts, and introduced and validated new indicators relevant to the six
commonly used. Our results draws us closer to understanding in what contexts, e.g.,
locations and perceptual indicators, urban visual perception is most affected by demo-
graphics and personality. While we are not able to pinpoint a specific number or
percentage of how much people’s profiles drive perception responses, we found that
as such it can lead to significant differences depending on the profiles and locations.
These insights on profiles and location groups can be extended to other urban stud-
ies, such as building exterior evaluation for urban development and strategies [43].
Street-level image-based indicators closely correlate with a city’s social structure and
economic development [44]. Thus, as SVI captures the human-level perspective, more
closely aligned with people’s experiences in cities, studying and understanding urban
streetscapes allows researchers and stakeholders to take informed actions [45]. While
PP2 remains an impressive effort valuable for urban science, our analysis reveals its
limitations in localized contexts, suggesting that generalized or one-size-fits-all models
may produce distorted results. We recommend that researchers fine-tune their per-
ception prediction models with local data, even though this may require additional
data collection efforts. This approach is likely to produce more accurate and better
performing models [11, 16].

Although comprehensive and bringing numerous novel results, this study has
limitations. First, online perception surveys, while widely used, present inherent
methodological challenges. Display resolutions and screen sizes varied among partici-
pants, potentially affecting visual perception. Even though we standardized our survey
interface design across cities and used each country’s official language to minimize
biases, we could not control which devices participants used. Furthermore, online plat-
forms inherently exclude populations with limited technological access or familiarity.
While our inclusion criteria only specified participants older than 21 years, we did
not screen for color blindness or other visual impairments, which may have affected
perceptions beyond the green indicator. Following established practices in perception
studies, we did not provide explicit definitions for perceptual indicators, potentially
allowing varied interpretations (e.g., “safe” from criminals versus from vehicles).

Secondly, we acknowledge the limited number of cities and countries chosen as well
as the respective number of images. Our approach of one city per country per continent
limits the generalizability of our findings to the broader urban landscape world-
wide. To mitigate these limitations, we employed stratified sampling of both urban
environments (image selection) and participant demographics, ensuring proportional
representation of local socioeconomic contexts within each selected city. Additionally,
to ensure statistical power across all ten different indicators for demographic and per-
sonality groups’ perception ratings analyses, we constrained the number of images per
city to 80, to collect enough participant ratings per image and per group to support
robust comparisons across multiple demographic and personality dimensions. Rather
than claiming global or country-level representativeness and insights, our study focuses
on determining whether perceptual indicators vary systematically across demographic
groups in diverse urban environments. The reduced number of images per city, taken
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primarily from city centers, might introduce location biases that could affect the inter-
pretation of our findings. These location biases may include overrepresentation of
tourist areas, commercial districts, or architecturally distinctive features that may not
reflect typical residential or suburban environments within each city, e.g., very unique
urban forms that people associate with specific cities, such as Amsterdam’s canals.
While our stratified sampling approach helps ensure demographic representativeness
within each city, it cannot fully address the geographical limitations of our urban
sampling strategy. Nevertheless, our contributions rely on thorough comparisons of
perceptions across different demographic groups (top and middle plots in Figure 2),
with analyses that control for location when possible (bottom plot in Figure 4). This
methodological approach allows us to isolate demographic effects on urban percep-
tion across multiple diverse urban contexts, i.e., five cities in five different continents
compared to perception studies routinely using one or two cities [5, 31-33].

Finally, we employed a reduced number of pairwise comparisons per image per
indicator. While [34] recommends 22 comparisons for robust Q scores, a threshold we
met in the single-city SVI and multi-city participants (middle plot in Figure 4), this
was not feasible for analyses with reduced participant populations due to demographic
filtering. We established a minimum threshold of four pairwise comparisons per image
per indicator, matching the average reported in the seminal PP2 dataset [6]. Demo-
graphic representation was only uniform for gender and age groups, with race and
ethnicity being particularly imbalanced, i.e., only 0.5% of participants self-identified
as Native American or Alaska Native, and 7% selected “A race/ethnicity not listed
here” across all five cities. Given these constraints, we avoid making decisive conclu-
sive statements or claiming global trends. Instead, we hope our findings encourage
researchers to explore previously disregarded paths, particularly incorporating human-
related data for spatial and visual perception analytics in countries and continents
underrepresented in the literature.

Future research should prioritize analyzing interactions between multiple demo-
graphic factors, e.g., older adults with different walk abilities [46], and their combined
effects on various perceptual indicators. As our study grouped participants by multiple
demographics factors, the resulting smaller participant pools yielded fewer ratings per
perceptual indicator (e.g., safety perception scores based solely on older women’s rat-
ings). To address this limitation, subsequent studies could either increase participant
numbers or ratings per image. The latter could be achieved by reducing the number
of images per city, though potentially compromising urban landscape diversity, or by
focusing on fewer perceptual indicators, such as exclusively studying safety perception.
Another alternative is to leverage scalable perception rating methods. Human-machine
frameworks [47] allows for rapid and cost-effective perception assessments. Building
on our findings on the demographic and location-specific perceptual differences, these
methods could be more appropriately deployed to quickly evaluate entire cities.

Regarding subjective perception modeling, future research could expand on mim-
icking human perception of an urban scene with Large Language Models (LLMs).
Recent work has begun exploring scene captioning for LLM-based perception of the
traditional six indicators [48], multimodal LLMs for image-to-perception scoring of
urban attractiveness [49], and landscape evaluation [50]. These results show that LLMs
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need local context understanding to match human evaluative nuances [49], reinforc-
ing the importance of understanding specific influence of local factors in our study.
Our dataset and findings could be leveraged to model demographically and personal-
ity specific synthetic participants and inform LLM-based agents, as attempted in [51],
with empirical data.

4 Methods

4.1 Data collection

In our research, we followed a multi-criteria approach that balanced geographic rep-
resentation, data availability, and cultural diversity while working within practical
constraints. Our selection methodology employed a three-tier filtering process: (1)
continental representation to ensure global coverage, (2) availability in established
datasets (MIT PP2 [6] and NUS Global Streetscapes [52]) to enable comparative anal-
yses, and (3) consideration of cultural, urban form, and socioeconomic diversity within
these constraints. This systematic approach reduced our candidate cities considerably
(Global Streetscapes includes 688 cities around the world, and PP2 only covers 56)
but ensured scientific rigor and comparability with existing literature. To ensure geo-
graphic diversity (1), we included the top five largest continents by population: South
America, Europe, Africa, Asia, and North America. In terms of data availability (2),
in South America, only three and two cities from Brazil and Chile are present in PP2,
respectively. We chose Santiago as it was the only capital among the two countries
listed in both PP2 and Global Streetscapes datasets, and a better cultural repre-
sentation of a Hispanic city in South America. On one hand, while the number of
candidate cities in FEurope, Asia, and North America is higher, we opted for cities that
are commonly used in perception studies due to their unique urban form and cultural
characteristics [34, 43] (3): Amsterdam, Singapore, and San Francisco. On the other
hand, only a handful of cities from South Africa and Botswana in Africa are present
in PP2. While we aimed to prioritize the overlap between the cities in PP2 and the
Global Streetscapes datasets, we did not consider Cape Town and Johannesburg, in
South Africa, as representative candidates for the continent. Unfortunately, the other
candidate city, Gaborone in Botswana, presented logistical difficulties when recruiting
participants. Therefore, among the top five countries based on GDP in the continent
(South Africa, Egypt, Algeria, Nigeria, and Morocco) [53], we opted for Abuja in Nige-
ria purely based on its central location in the continent and its presence in the Global
Streetscapes. This city selection, despite its limitations, provides sufficient diversity in
urban morphology, cultural contexts, and socioeconomic conditions (Supplementary
material Fig. 1) to test our core hypothesis about demographic influences on urban
perception. We followed the image download process detailed in [52] and downloaded
all available street view images within a 2.4 km? square in the city center. For the city
of Abuja, Nigeria, we manually selected a 2.4 km? region with more urban develop-
ment since the images in the Global Streetscapes dataset contained mostly highways
scenes.

Based on the contextual metadata available in the dataset, we selected only images
with good quality, no reflection, non-panoramic, captured in clear weather, and taken
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during the day with front or back view direction. For image validity screening, we used
visual complexity, as suggested in the Global Streetscapes dataset [52]. A low visual
complexity value means the image is composed of predominantly one element, e.g., a
road or wall. Supplementary material Fig. 2 shows the distribution of visual complexity
values for all filtered images grouped by city. Images from all cities but Abuja have
a clearer overlap in their distribution, with a visual complexity mean of 1.7; thus, we
chose a conservative threshold of 1.5 and retained all images with at least this visual
complexity value. However, images from Abuja have lower visual complexity values,
with a mean of 1.3. While this overall lower visual complexity may reflect the intrinsic
urban landscape of the selected region in the city, we aimed to have images with
similar characteristics across all cities. Therefore, we retained images with at least a
visual complexity of 1.3 as a trade-off for image diversity; there are twice the number
of images with a visual complexity > 1.3 than with a visual complexity > 1.5.

From the resulting dataset, and inspired by the work in [34], we used their seg-
mentation data and clustered them into four clusters that effectively represent images
dominated by roads, vegetation, cars, buildings, and sky regions in similar propor-
tions. We sampled approximately 15-16 images from each cluster within each city,
resulting in 80 images from each city. This stratified sampling was repeated multi-
ple times to make sure the images reflected urban scenes and not highways, deserted
roads, etc. Our final dataset for this study includes a total of 400 images. While this
final number of images may seem relatively low, our city and image selection process
ensures diversity across urban landscape features while maintaining statistical power
for our primary research question. Image 1 in Fig. 1 bottom panel illustrates the data
collection step for this research framework.

4.2 Perception survey

The survey was reviewed and approved by the Institutional Review Board (IRB) of our
university, and the participants were compensated financially. It was deployed on an
online platform and distributed by a third-party local market research vendor. Using
a single data collection vendor with global presence allowed us to recruit 200 partic-
ipants from each of the five countries mentioned in the above subsection and ensure
validity of data and demographic balance, and guarantee consistency in recruiting and
data collection. Considering the number of images, this number of participants was
chosen primarily to gather enough demographic groups for downstream analyses of
their survey responses. The complete survey consisted of two different sections; the
first section captured the demographics in 11 questions, and the second consisted of 50
unique pairwise comparisons of the 400 images across 10 subjective indicators. Image
2 in the bottom panel of Figure 1 shows the different demographic moderators and
human perception rating indicators.

4.2.1 Demographic survey

Although the cities mentioned in Section 4.1 were prioritised, we also considered
nearby cities and provinces to gather enough participants. Specifically, San Francisco
and Santa Clara were targeted for participants in the United States of America (USA),
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the greater Amsterdam area was targeted for participants in the Netherlands, and
Nigeria was targeted at a nationwide level. The demographic questions included gen-
der, age, nationality, country, and city of residence, length of stay in the said city,
annual income level, number of household members, and race and ethnicity. The Big
Five Inventory-10 (BFI-10) [54], a 10-item short version of the Big Five Inventory, was
included as the last question in this survey section. This personality survey has a more
colloquial wording of its questions and is sufficient for research settings with limited
time constraints [55]. Using this questionnaire version helped us minimize participants’
survey fatigue, especially since we have asked several other questions beyond those
related to personality. The Big Five personalities have been shown to influence sub-
jective measures in the built environment and lead to clusters of users with different
preferences [56].

Participants were recruited from the general population, following their national
representation by age (adults over 21 years) and gender for each country, with soft
quotas for income level. The latter means that for the greater Amsterdam area, Sin-
gapore, and San Francisco and Santa Clara, participants were recruited such that
their annual income ranges are close in quantity. For Chile and Nigeria, participants
were recruited on a natural fallout basis. The available answers for the annual income
ranges were adjusted to each country’s currency and situation based on the vendor’s
suggestions, and the entire survey was translated into the official language in each
country where it was deployed. Participants who did not reside in either of the five
countries were excluded. A complete list of questions and their possible answers is
listed in Supplementary material Section 2.

4.2.2 Human perception rating

The set, and subset, of six indicators for urban perception (safe, lively, wealthy,
beautiful, boring, and depressing) proposed in the PP2 dataset [6] have been widely
and consistently adopted in related work on urban perception and human prefer-
ences [11, 13, 14, 43, 57, 58]. These traditional six perceptual indicators mainly capture
people’s instantaneous and intuitive impressions of a place. Thus, we used them to
facilitate comparative analysis with previous and future studies. However, we proposed
and included four new indicators: live nearby, walk, cycle, and green. These additional
indicators of living preference, cycling, walking, and greenery are presented as the fol-
lowing preference questions: “Which place looks like a place you want to live nearby?”,
“Which place looks better to cycle?”, “Which place looks better to walk?”, and “Which
place looks greener?”, to capture a proxy of belonging, bikeabiltiy, walkability, and
subjective greenery, respectively. In contrast to the six traditional indicators, these four
new ones reflect attitudes toward sustainability, livability, and active mobility, which
are the central goals in many current urban studies [59-61]. Different studies tend
to rely on these perceptual indicators as heuristics or proxies for walkability [60, 61]
and bikeability [59]. Moreover, quantifying and assessing greenery remains crucial for
planning and development. The quality of green spaces has been linked to depression
in older adults [62]; greenness in urban scenes was found to be a key indicator for
assessing the urban renewal potential [63]; and green spaces offer critical insights for
planning at the community level [64]. At the street level, most studies rely on objective
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measurements such as Green View Index (GVI), e.g., methods that asses pixel-based
information, to asses the quality and quantity of green spaces. However, studies have
found that GVI consistently underestimates greenery quantity when compared to sub-
jective greenery evaluation [65] and subjective and visual measurements were found
to contribute the most in the quality assessment of greenery [62, 63]. Moreover, [66]
found that greenery could be perceived and valued differently by different genders and
age groups, suggesting the need to investigate potential demographic differences in
the perception of greenery in our study. Our proposed indicators are meant to provide
a more direct way of computing these dimensions that are commonly sought by the
research community and practitioners while maintaining human perspective which has
been found to enable and support context-aware urban solutions [11, 33, 42]. To sup-
port this, we hypothesize that these four indicators show a positive correlation with
the positive indicators safe, lively, wealthy, and beautiful; and a negative correlation
with the negative indicators boring and depressing.

In the online survey, each participant rated five random unique pairs of images
per indicator, totaling 50 pairwise comparisons across all 10 indicators. We chose
the pairwise comparison scoring method because it has been shown to produce more
stable results in urban visual perception studies [34]. Supplementary material Fig.
3 shows a screenshot of the online survey for one pairwise comparison under the
lively indicator. Participants clicked on the image they preferred as an answer to the
indicator question, e.g., the question “Which place looks livelier” in the screenshot,
or chose “Both are the same to me” for an equally rated answer. Participants were
not given a predetermined definition of the perceptual indicators. Instead, we aimed
to captured their broad subjective interpretation of the ten different indicators. The
complete perception survey questions are listed in Supplementary material Section 2.2.

4.3 Dataset

Our final dataset consists of images showcasing urban scenes from the cities of Santi-
ago, Amsterdam, Abuja, Singapore, and San Francisco. A total of 400 images, 80 per
city, were collected, and 200 respondents from each city (or neighboring areas) were
recruited as raters, adding to 1,000 respondents in total. After deploying the online
survey for two months, each participant answered a total of 61 questions, consisting of
11 demographic questions and 50 pairwise comparisons. We name this dataset Street
Perception Evaluation Considering Socioeconomics (SPECS) and release it openly.
Table 1 shows a summary of our collected dataset in the reporting format proposed
by [34] and Supplementary material Table 1 shows the demographic background of
the recruited participants from each country.

4.4 Data analysis

We calculated the perception scores using the Strength of Schedule (SOS) method,
first used in urban perception in the Place Pulse 1.0 dataset [9]. This method’s score
is referred to as the Q score, and it reflects the magnitude of the perception, bounded
in [0,10]. Another commonly used method is the TrueSkill score [68], but unlike Q
scores, it requires a higher minimum number of pairwise comparisons; i.e., 22 and 29,
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Table 1: Survey reporting parameters following the survey design guidelines proposed by [34]

Section

Reporting Parameters

Ours

Survey Struc-
ture

Design, allocation, consistency evalua-
tion

Our survey consisted of a demographic section of 11 questions
and 50 pairwise comparison questions.

Raters

Demographics, sample size, number of
ratings per image, recruitment process

We recruited 1,000 respondents (200 from each country) who
reside in the city, or neighboring cities, where the images were
extracted — Santiago, greater Amsterdam area, Nigeria, Sin-
gapore, and San Francisco and Santa Clara — and are above
21 years old. An equal distribution of respondents, based on
annual income range, was prioritised for all but Chile and
Nigeria. The gender ratio is 1:1 within countries, and the age
group ratio is roughly 1:1:1:2 for 21-29, 30-39, 40-49, and above
50. More than 78% of participants from each country have
lived there for more than five years, and less than 5% have
lived there for less than a year. Background information from
all participants is shown in Supplementary material Table 1.
Each participant completed 50 ratings, with each image receiv-
ing an average of 25 ratings (min. 10, max. 46) per indicator.

Scoring

Scoring methodology, rationale for
method selection, evaluative indicators

We selected pairwise comparison as the ranking scoring
method due to its proven stability over and fairly quick assess-
ment. On the online survey, participants were asked to choose
their preference between two images given an indicator. To
avoid a forced choice scenario that could lead to bias [67], and
to be consistent with previous and future studies, the option
for an equally rated preference (i.e., “Both are the same to
me”) was shown too. We asked participants to rate a random
pair of images five times for each of the 10 indicators, mak-
ing up the 50 ratings per participant. Supplementary material
Fig. 3 shows a screenshot of the online survey.

Image

Image type, image source, rationale for
image choice, dataset composition

We chose perspective images with good quality, no reflection,
non-panoramic, captured in clear weather, and taken during
the day with front or back view direction. These types of
images have proven rating stability [34] and are easily obtained
from open data sources. Using the Global Streetscapes, a large
open, labelled, processed, and worldwide street-level imagery
dataset [52]; we obtained 400 images, 80 from each city — San-
tiago, Amsterdam, Abuja, Singapore, and San Francisco, for
subjective ratings in the survey.

respectively; to reach stable scores [34]. Details about the Q score calculation are found
in Supplementary material Section 4. Relative scores such as Q scores and TrueSkill
scores inherently depend on the ratings considered for their calculations. Thus, rather
than being an absolute measure of an image’s perceptual dimensions, these scores
are only comparative; they are only valid within the rating pool in which they were
calculated. As shown in the bottom panel of Figure 1, step 3, we also included the
predicted perception scores for all images using an existing perception model. This
perception model, a Vision Transformer (ViT) developed by [69] and used in the Global
Streetscapes dataset [52], serves as a proxy of a global or one-size-fits-all approach as
it was fine-tuned with the PP2 dataset [6]. Specifically, the model was trained on the
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top and bottom 5% rated images for each perception dimension, which were selected
as the representative positive and negative samples, respectively, adapting the method
by [5]. The model was then trained, with a 80%-t0-20% train-test split, to predict the
probability of an image being assigned to the positive label, which was subsequently
multiplied by 10 to obtain the perception score. This model, which we refer to as ViT-
PP2, outputs perception scores for the six traditional indicators of the PP2 dataset
and reported a higher accuracy in all but the boring indicator compared to the model
proposed with the PP2 dataset.

We divided the analysis into five parts, as noted in the bottom panel of Figure 1
step 4. First, we looked at demographic factors and personality traits as moderators
in urban visual perception. For each country, we created groups based on the available
answers for each demographic question: gender, age group, annual household income
(AHI), education level, and race and ethnicity. While we tried to keep the original
groups on each demographic question, the granularity in some answers presented chal-
lenges. The available groups in AHI are as few as five groups and as many as 12
groups and are different in each country, which would also make it difficult to compare
answers between countries. Thus, we decided to remap existing answers into Lower,
Middle, and Upper groups (Table 2). We also remapped some of the answer from the
education level question into a common single one. Answers such as “Masters degree”
and “Doctorate or professional degree” were remapped into “Postgraduate degree”.

With this variable remapping, we also explored demographics interactions where
possible. Using all five demographic factors (i.e., gender, age, income, education, race
and ethnicity) to create nested groups greatly reduces the number of participants
within each group. This reduction limits the available pairwise comparisons to a
maximum of one pairwise comparison per image across all indicators and locations.
Therefore, we used only the combinations of ‘gender x age group x AHI’ as nested
groups. These demographic factors are commonly explored in urban perception stud-
ies [13-15, 70] and among our demographic factors, they have the fewest categories;
two, four, and three, respectively; resulting in fewer nested groups. Nested groups
based on these three demographic factors yield an average of six pairwise comparisons
per image across all indicators and locations, exceeding our selected threshold of four
pairwise comparisons used throughout our analyses.

When analyzing each demographic factor in isolation and in interactions, i.e., com-
puting Q scores based on a demographic group, we did not consider ratings from
participants who answered “Prefer not to answer” (39 out of 1,000 participants in
AHI), “Less than Secondary/High school” and “Other” (11 out of 1,000 participants
in education level), and “A race/ethnicity not listed here” (69 out of 1,000 participants
in the race and ethnicity question) due to their small sample size. On average, these
excluded responses would have contributed only one additional rating to the Q score
computation of each perceptual indicator for between 5 and 76 images per location.
All subsequent analyses used all participants’ ratings.

Personality trait scores were calculated using their respective formula [54]. To bet-
ter understand the effect of the personality trait on perception scores, we grouped
participants into two groups based on their personality trait score: within the 25"
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AHI bracket Chile Netherlands Nigeria Singapore USA

. 20,400,000 CLP 29,999 euros 2,000,000 NGN SGS$0 - USS$0 -
ower & below & below & below SG$44,999 US$49,999

Middl 20,400,001 CLP - 30,000 euros - 2,000,001 NGN-  SGS$45,000 -  US$50,000 -
radie 60,400,000 CLP 81,999 euros 4,000,000 NGN  SG$99,999 US$99,999

Upper 60,400,001 CLP 82,000 euros 4,000,001 NGN  SG$100,000 - US$100,000 -

& above & above & above SG$999,999 US$999,999

Table 2: Demographic answers remapped values for Annual Household Income
(AHI) to handle granular responses. All available answers are listed in the Supple-
mentary material Section 2.

(<Q1) and within the 75" (>Q3) percentile, for each personality trait. This group-
ing focuses on participants who exhibit the most distinct values of these traits, thus
providing a clearer contrast and enhancing the interpretability of their influence on
perception scores.

We created these demographic and personality groups for each country, and a set
of groups by combining all countries too. While this nested grouping allowed for more
detailed analysis, by reducing the number of available participants in each group, the
number of pairwise comparisons per image per indicator was also reduced. Thus, after
computing the Q scores in each nested group, we retained all images with at least
four pairwise comparisons, as this was the reported average comparison in PP2 [6].
Since each demographic group has a different number of samples, i.e., rated images
with at least four pairwise comparison by participants with the same demographic
characteristics, we prioritized a higher minimum number of samples, i.e., n > 20, where
applicable but reported the minimum used in each demographic group.

To quantify the influence of demographic and personality attributes, we performed
statistical tests on the Q scores for all SVIs rated by participants in their respective
groups. Given the difference in sample sizes, i.e., the number of rated SVI by available
participants in each group, and normal distribution but unequal variance of Q scores,
we chose Welch’s ANOVA as the statistical method to compare whether the groups’
perception scores means are significantly different. For demographic attributes with
more than two groups, we performed the Games-Howell post-hoc test to identify the
significant differences, if any, between each pair of groups’ means.

Second, we looked at how people living in the same place perceive different places.
We compared the perception Q scores of imagery from multiple cities rated by partic-
ipants from a single location, i.e., country. We also compared the predicted perception
scores of all imagery by the ViT-PP2 perception model against the combined ratings
from all participants without grouping them by location. We used the same statistical
method from the previous analysis, Welch’s ANOVA, to find statistically significant
differences, and we also used the same threshold of four minimum pairwise compar-
isons per image per indicator, and it resulted in at least 71% of the dataset, per
country, usable. Third, in a similar vein, we compared how people from all five dif-
ferent countries perceived the same place. As this allowed us to use all participants’
ratings, we used a higher threshold of 22 pairwise comparisons. We used more than 51
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images per city (63.75% of the available imagery per city). These perception Q scores
were also compared with the ViT-PP2 predicted scores for imagery from each city.
We performed these score comparisons with the output of a trained model as a way
of comparing our collected ground truth against a one-size-fits-all prediction model.
These comparisons were also based on Welch’s ANOVA statistical significance tests.
Fourth, expanding on the second comparison of multi-city imagery and single-city par-
ticipants, we looked into how people living in the same (or neighboring) city perceive
other cities relative to their own. As this approach is on a similar vein to the second
one, we used the same threshold and dataset size. We analysed the average change in
perception of participants rating imagery from their own city compared to imagery
from the other four cities. To debias the responses from cultural and location-based
influences, we scaled the perception QQ scores to z-scores among ratings for each city
and indicator from all participants. This transformation avoids the cross-cultural per-
ception bias as it looks at the scores within locations. We only included images with at
least four pairwise comparisons per indicator, resulting in more than 50 images with
Q scores per city per indicator (62.5% of the available SVI per city). Finally, we per-
formed linear, i.e., Pearson correlation coefficient (R), and non-linear, i.e., quadratic
(normal and inverted U-shaped) and cubic, correlation analyses between our proposed
new four indicators and the existing six traditional ones to validate their usability and
interpretability. For this, we calculated the perception Q scores using the ratings from
all 1,000 participants and retained the images with at least 22 pairwise comparisons
per indicator for more stable results as suggested by [34].

Data availability

Annotated and labeled SVI data are obtained from the NUS Global Streetscapes
dataset (https://huggingface.co/datasets/NUS-UAL/global-streetscapes).
Raw images were obtained from the crowdsourced platforms Mapillary and KartaView.
We share openly our dataset SPECS (Street Perception Evaluation Considering
Socioeconomics), consisting of survey responses and participants’ demographic data
at https://huggingface.co/datasets/matiasqr/specs.

Code availability

The step-by-step process and code for all analyses are available in the public repository:
https://github.com/matqr/specs.
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