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Abstract

This study examines the statistical and spatial alignment between urban place perceptions
and the census-based evidence of socio-spatial segregation. We process a large dataset of
geotagged images from Mapillary and KartaView with ZenSVI to score six place perception
dimensions (safety, liveliness, wealth, beauty, boredom, depression) for the metropolitan
area of Thessaloniki, Greece. The socio-economic structure is derived from census indicators
and property values using Location Quotients and principal component analysis. We assess
alignment through Pearson’s correlation (r) to capture statistical association, and bivariate
Moran’s I to test spatial correspondence while accounting for spatial dependence. Results
reveal a robust northwest–southeast divide: southeastern and central districts are perceived
as safer, livelier, wealthier, and more beautiful, while northwestern and industrial zones
score higher on boredom and depression. The historic city center emerges as vibrant and
affluent, acting as a key interface between social groups, especially students, the elderly,
and migrants. Perceptual dimensions vary in spatial form: safety, beauty, and depression
cluster locally, whereas wealth and vibrancy extend over broader sectors. The study
demonstrates the combined use of perceptual and socio-economic data for urban analysis
and provides a replicable framework for monitoring inequalities and guiding participatory
and inclusive planning.

Keywords: street view imagery; GeoAI; perception; socio-spatial segregation; urban planning;
spatial planning; thessaloniki

1. Introduction
Socio-spatial segregation remains one of the most pressing challenges in urban stud-

ies [1], shaping inequalities, reinforcing socio-economic divides, and influencing the social
cohesion of metropolitan regions. Since the 1980s, when urban studies began to explore the
interplay between space, power, gender, and inequality [2,3], segregation has occupied a
central position in urban geography debates. The spatial organization of cities structures
everyday interaction, strategies of surveillance and control, access to resources, and broader
life opportunities [4,5], closely tied to questions of spatial justice [6,7]. Segregation can
therefore be understood, not only as a spatial outcome of socio-economic differentiation
but also as a process through which inequality is reproduced over time [1,8].

Urban manifestations of segregation include residential segregation, homelessness,
deprivation, minority discrimination, crime, gentrification, and displacement [9]. Maffini
and Maraschin [10] define urban segregation as any form of spatial exclusion within the
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city, while Knox and Pinch [11] emphasize that spatial differentiation does not neces-
sarily imply segregation. Diversity and clustering must therefore be distinguished from
inequality-driven exclusion. Segregation emerges through both macro-level socio-economic
restructuring and micro-level residential preferences [5,12], where spatial differentiation is
embedded within wider political-economic processes.

Globalization and neoliberal urban policies have further intensified spatial divides
by prioritizing market logics over welfare provision [13,14]. Consequently, mapping and
analyzing segregation have become long-standing concerns in urban geography, planning,
and policy [15,16]. Planning literature stresses that segregation is not only a social condition
but also a spatial–structural phenomenon shaped by urban form, infrastructure, and land-
use regulation [16].

Traditionally, segregation has been studied through census data and statistical in-
dices [1], focusing on four axes: (1) socio-economic differentiation (income, education,
employment, unemployment), (2) demographic differentiation (age, household structure),
(3) cultural differentiation (ethnicity, religion, language), and (4) housing conditions (owner-
ship, quality, affordability, overcrowding). Economic inequalities are generally considered
the strongest drivers, given their link with housing access [17]. Demographic and cultural
markers also shape urban differentiation, whether through voluntary clustering (ethnic
enclaves, cultural communities) or involuntary exclusion driven by discrimination and
racism [14].

Recent contributions highlight three broad processes behind segregation: (i) ethno-
racial discrimination, (ii) structural socio-economic dynamics, and (iii) individual decision-
making [18]. Importantly, spatial concentration can also represent voluntary collective
strategies, where minority groups cluster to mobilize networks and resources. For example,
gentrified mixed-use districts may combine socio-economic diversity with strong inter-
action, while ethnic enclaves may provide community infrastructures without implying
exclusion from wider city life [11]. However, when inequality becomes spatially entrenched
and reproduced through socio-political and economic practices, segregation appears in its
stricter form.

To measure these dynamics, scholars have developed a variety of quantitative in-
dices. The Segregation Index captures uneven group distribution across spatial units
(0 = complete integration, 1 = complete segregation) [2]. The Index of Dissimilarity mea-
sures the proportion of a group that would need to relocate for distributions to match a ref-
erence group [19,20]. Other approaches combine multiple indices via factor or cluster anal-
ysis [21,22], or produce composite deprivation indices [23,24]. Reardon and O’Sullivan [20]
propose the dimensions of spatial evenness/clustering and exposure/isolation. Spatial
autocorrelation is often tested using Moran’s I and local statistics such as the Location
Quotient and Local Moran’s I [24]. These indices, though indispensable, offer static repre-
sentations, often overlooking the lived perceptions of place.

The integration of perceptual analysis with census-based socio-spatial data represents
a step forward in urban studies. Algorithmic street-image analysis, as used in this study,
can be seen as a contemporary evolution of classic approaches to spatial perception and
urban phenomenology, aiming to interpret how urban space is experienced and valued.
Through such methods, visual and perceptual attributes are systematically quantified,
offering valuable inputs for urban design and planning. These perspectives resonate with
design theories such as Identity by Design and Responsive Environments [25,26] which
emphasize how enhancing place identity and perceived quality of urban environments can
ultimately contribute to reducing socio-spatial inequalities.

Therefore, recent advances in geospatial data science, Big Data, and GeoAI have ex-
panded the analytical toolkit for understanding urban environments [27–29]. Perceptual in-
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formation derived from street view imagery (SVI) complements traditional socio-economic
indicators by adding a qualitative, human-centered dimension to spatial analysis [30,31].
The quantification of visual perception from photographs is now possible through large
crowdsourced and labeled SVI datasets and advancements in geospatial artificial intelli-
gence (GeoAI) and computer vision (CV) [32,33].

This study integrates two methodological strands within a common framework:
(1) classical statistical analysis of socio-economic data, and (2) automated perception analy-
sis of SVI using pre-trained machine learning models. Rather than claiming causal inference,
our aim is comparative: to explore convergence and divergence between conventional and
perception-based methods in detecting segregation patterns. Our research questions are:

• Can perceptual data extracted from SVIs help identify urban socio-spatial segregation?
• How does big-data geo-analysis enhance understanding of neighborhood qualities at

metropolitan scale?
• To what extent do automated GeoAI methods and traditional geo-spatial analysis

statistically and spatially align, and what do these comparisons reveal?

Socio-economic indicators describe objective structural conditions, while perceptual
data capture subjective evaluations of the urban environment. These dimensions do not
necessarily coincide: disadvantaged areas may appear lively or appealing, whereas affluent
districts may evoke boredom or detachment. This study indicates mismatches that are
critical for understanding segregation. Our basic assumption is that segregation does not
only materialize through unequal distribution of resources but also as a lived and perceived
division of urban space [34–37]. Linking objective and subjective measures therefore
allows us to assess whether inequalities are spatially recognized, concealed, or reproduced
through collective imagery. This comparative perspective justifies our approach, situating
perceptual analysis as a complementary lens for diagnosing the experiential dimensions of
socio-spatial segregation.

Mediterranean cities remain underexamined in segregation research, despite mount-
ing evidence that housing deregulation, gentrification pressures and tourism intensification
are reshaping urban inequalities [38–40]. Recent studies document these shifts: in Marseille,
rising concentrations of high-status households in the city center are linked to economic
restructuring and liberal urban renewal policies [39]; in Barcelona, estimates for 1947–2011
show increasing spatial segregation associated with the gentrification of high-skill work-
ers [40]. Comparable trends have been identified across Mediterranean Europe [38]. This
study focuses on Thessaloniki as a representative Southern European metropolis, where
compact urban form and mixed land uses provide a suitable context for perception-based
analysis at a neighborhood scale.

The paper is structured as follows: Section 2 reviews theoretical and methodological
background, including approaches to quantifying place perception, advances in ML- and AI-
based perceptual studies, and existing evidence on socio-spatial dynamics in Thessaloniki.
Section 3 outlines the methodology, detailing socio-spatial and perceptual data collection,
processing, and statistical validation. Section 4 presents results from both statistical and
perception-based analyses, while Section 5 discusses convergence between the two methods
and broader methodological implications. Section 6 concludes by summarizing the key
findings and suggesting directions for future research.

2. Theoretical and Methodological Background
2.1. The Quantification of Place Perception Studies

Research on the city’s image treats urban space as a field of perception, experi-
ence, and meaning. Early work emphasized cognitive and morphological dimensions:
Lynch [41] introduced legibility and imageability as foundations for mental maps, Norberg-
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Schulz [42] argued that place acquires meaning through individual and collective values,
and Kostof [43] highlighted the cultural inscription of urban form. At the experiential scale,
Cullen [44] described pedestrian experience as a sequential revelation of scenes, Apple-
yard, Lynch, and Myer [45] examined esthetics from the moving viewpoint, Whyte [46]
documented social use of small spaces, and Jacobs [47] stressed the role of street frontages
in pedestrian experience. These studies were richly descriptive but remained local and
difficult to scale.

From the 1980s onward, perception research incorporated quantitative spatial methods.
Hillier and Hanson’s space syntax [4] provided a mathematical link between network
configuration, movement, and legibility. Nasar [30] used structured surveys to statistically
map residents’ “evaluative images.” With greater computing power, GIS enabled citywide
integration of physical form, demographic, and economic data [27,29,48], with Batty [28,49]
analyzing urban cognition through digital simulations.

The diffusion of the Internet and social media in the 2000s brought large crowdsourced
datasets. Public Participation GIS (PPGIS) and volunteered Geographic Information plat-
forms allowed residents to mark values, risks, amenities and perceptions. Quercia et al. [31]
crowdsourced ratings of London street photographs to map pleasant routes, while the
“Livehoods” project [50] used Foursquare check-ins to delineate perceptual neighborhoods.
Flickr, Twitter, Instagram, and TripAdvisor data have since been mined for esthetic or
cultural perceptions [51,52]. These approaches extended, rather than replaced, traditional
interviews, enabling perception analysis at metropolitan scale.

This evolution reflects both theoretical shifts and technological enablers. Theoretically,
the study of the “image of the city” has moved from individual cognition toward collective
patterns and statistical description. Technologically, it has been powered by cheaper
computing, ubiquitous mobile devices, and AI: computer vision and machine learning can
now process millions of images for meaning. Place perception research has progressed
from small-sample qualitative sketches to automated big-data analytics. The challenge now
lies not only in scaling but also in ensuring representativeness, interpretability and ethical
limits [53,54].

2.2. Perceptual Studies Using ML and AI

Recent reviews provide an overview of how ML/AI have reshaped the study of urban
perception. Biljecki and Ito [53] emphasize the versatility of SVI, which has been applied
across a wide range of domains. They note that growth in computing power, automation,
and coverage of SVI, together with advances in deep learning, has driven a rapid expansion
of applications. SVI is often used in conjunction with social media, aerial or satellite
imagery, and other geospatial data, providing complementary insights and supporting
multimodal urban analysis.

Zhang et al. [54] underline both the potential and the limitations of such approaches.
Models trained in one setting may not transfer reliably to others due to spatial heterogeneity
and nonstationarity. Place identity remains inherently personal and context-dependent,
which means that algorithmic outputs can only approximate the human sense of place. Both
reviews highlight uncertainties and biases in SVI-based methods, including the modifiable
areal unit problem, ecological fallacy, temporal changes, and demographic variability
in perception.

Recent research illustrates the breadth of ML/AI applications for perceptual studies.
Wei et al. [55] mapped landscape perception in Shanghai using deep learning and large
SVI datasets, while Abascal et al. [56] combined satellite imagery with citizen-science
perception data to model deprivation, demonstrating the potential of multimodal fusion.
Danish et al. [57] advanced open citizen-science toolkits with automated image analysis,
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addressing bias and transparency concerns. Zhang et al. [58] and Zhou [59] explored
multimodal pipelines using large language and vision models for predicting safety and
attractiveness. Kang and Kang [60] trained CV models to predict perceived safety in Seoul
from street views, and De Nadai et al. [33] linked safety perceptions to measures of urban
vibrancy using neural networks.

At a global scale, Hou et al. [61] released the “Global Streetscapes” dataset, covering
millions of images with predicted perceptual attributes and metadata, enabling comparative
cross-city analyses. Collectively, these studies point to a rapidly evolving field that is
expanding both methodologically and geographically, while also raising questions about
transferability, representativeness, and fairness. The Place Pulse project by Salesses et al. [34]
represented a pivotal milestone. Launched in 2013, it developed an online platform to
crowdsource pairwise comparisons of Google SVIs, producing normalized perception
scores across six subjective dimensions: safety, wealth, beauty, liveliness, boredom, and
depression ranging from 1 to 10. It was then found that certain visual cues, such as greenery
and presence of pedestrians, strongly influenced perceptions of safety and beauty for the
four examined cities.

Dubey et al. [62] developed a scaled-up global dataset using the same crowdsourcing
technique. Place Pulse 2.0 expanded to images from 56 cities worldwide. This project
amassed 110,988 street-view images and 1.17 million pairwise comparisons from over
81,000 online volunteers between 2013 and 2016. The authors then trained deep convolu-
tional neural networks (CNNs), one for each Place Pulse dimension. A score for the six
perceptual dimensions could then be obtained by simply feeding a new street image to the
pre-trained models. To the authors’ knowledge Place Pulse 2.0 remains to date the single
freely available source of global and validated perception models with an average accuracy
of 73.5% [62]. This continues to underpin many subsequent studies, from global datasets
such as “Global Streetscapes” [61] to open-source projects like ZenSVI [63].

More recently, Ito et al. [63] released ZenSVI 1.3.0, an open-source Python library that
integrates all steps of street image research. ZenSVI can download images en masse from
open repositories such as Mapillary and KartaView, preprocess them, apply pre-trained
perception models and aggregate results. Its unified pipeline has “streamlined” urban
perception mapping by making these complex tasks reproducible for any city. Real-world
studies have begun to use these tools. For example, Li et al. [64] showed that images with
tall street trees (>2.5 m) are rated significantly safer across different area types. Rossetti
et al. [32] carried out a large cross-city analysis and found that street scenes with buildings
tend to score higher on liveliness but lower on beauty and safety, whereas the presence of
trees and pedestrians boosts both safety and pleasantness.

Recent studies mark a shift from visual-only CNN models to integrative frameworks
linking perception with broader urban dynamics. Zhang et al. [65] used XGBoost–SHAP to
reveal nonlinear links between built environment and urban vitality, while Le et al. [66]
combined visual and auditory data to capture multisensory place perception. These
advances move GeoAI research toward holistic, interpretable, and reproducible approaches,
aligned with toolkits such as ZenSVI.

2.3. Study Area: Thessaloniki

Thessaloniki, the capital of Central Macedonia and Greece’s second largest metropoli-
tan area, is examined as a characteristic case of southern Mediterranean city, within the
Greek context. Generally, Greek cities share the regional morphology of compact fabrics,
multi-story apartment blocks, and mixed land uses [67]. Prior research in Athens shows
that segregation can appear both horizontally between neighborhoods and “vertically”
within apartment buildings [68–70]. Leontidou [71,72] argues that late industrialization,
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informal housing acquisition, familial proximity, and a weak statutory planning system
have resulted in limited neighborhood-scale segregation. Similarly, Maloutas [73] notes
the complex, often self-reinforcing interactions of socio-spatial inequalities and housing
geography in Greek cities.

Thessaloniki is framed by the Gulf of Thermaikos and Mount Hortiatis, producing
a compact urban form with mean densities above 60 inhabitants/ha and central sectors
reaching 400–600 inhabitants/ha [74] (Figure 1). Its central layout was shaped by Ernest
Hébrard’s post-fire 1917 reconstruction plan, which introduced monumental axes, squares,
and vistas while preserving areas such as Ano Poli, the Byzantine walls, and historic
markets. This plan embodied early 20th-century ambitions of modernization and state-
building through urban form [75–77]. Rapid housing demand from refugees and internal
migrants drove grid-based expansions with limited provision for infrastructure. Post-war
growth accelerated through the land-for-flats system (Antiparohi) and successive increases
in floor area ratio, fostering vertical densification [78].

 

Figure 1. Case study area, with municipalities and population density from Global Human Settlement
Layer (https://human-settlement.emergency.copernicus.eu/ (accessed on 14 September 2025)).

Since the 1980s, decentralization has reshaped the metropolitan structure. The central
municipality declined from 325,182 residents in 2011 to 317,778 in 2021 (−2.3%), reflecting
aging and national demographic crisis, while Neapoli–Sykies and Ampelokipoi–Menemeni
also lost population. By contrast, peri-urban municipalities such as Pylaia–Chortiatis, Kala-
maria, and Kordelio–Evosmos expanded [79]. Peri-urbanization in Thessaloniki has been
driven primarily by middle- and upper-middle-class households, particularly younger age
groups employed in the tertiary sector, seeking improved living conditions and residential
environments. This suburban relocation has reinforced socio-economic differentiation
between the urban core and peripheral areas [80].

Although systematic research on socio-economic stratification in Thessaloniki remains
limited [65], the availability of census data at the neighborhood level and open SVI datasets
offer a valuable basis for analyzing contemporary processes of socio-spatial differentiation
using both traditional indices and GeoAI-based perceptual measures.

https://human-settlement.emergency.copernicus.eu/
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3. Methodology and Data
3.1. Workflow Overview

The analysis followed a multi-stage workflow (Figure 2):

• Step 1. Spatial framework definition: The Thessaloniki metropolitan area was
delineated to include municipalities with continuous compact urban tissue and
to exclude low-density peri-urban zones. The study adopts the Local Spatial
Unit (LSU) used by the Greek census (ELSTAT), ensuring consistency with census
neighborhood boundaries.

• Step 2. Preparation of socio-spatial data: Socio-economic and demographic vari-
ables were obtained from the 2011 ELSTAT Census (Panorama database) [74] together
with objective property values from the Government Gazette [81]. After spatial har-
monization to LSUs, Location Quotients (LQs) were computed to express the local
concentration of each variable relative to the metropolitan average. Principal Com-
ponent Analysis (PCA) [82] was then applied to the LQ set, reducing it to four latent
socio-economic factors that summarize census data. PCA was considered necessary in
order to reduce the dimensionality of the 21 socio-economic variables, initially selected
as particularly relevant to our investigation.

• Step 3. Preparation of perceptual data: SVI from Mapillary and KartaView was
processed with the open-source ZenSVI library. After preprocessing, SVIs were scored
using the six pre-trained Place Pulse 2.0 perception models (one per each perception
dimension). Perception scores were averaged within an H3 hexagonal grid and then
aggregated to the LSU level.

• Step 4. Statistical and spatial analysis: Global Moran’s I [83] was first computed to
verify the presence of spatial autocorrelation in both datasets. Pearson’s r [84] was
then used to test linear associations between perception scores and socio-economic
factors. Finally, bivariate Moran’s I [83] measured whether high (or low) values of
one variable tended to occur near high (or low) values of another—indicating spatial
co-location between objective and perceived dimensions of urban inequality.

Figure 2. Methodological workflow.
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3.2. Choice of Geographical Unit and Study Area Delineation

The case study area was defined to include the compactly built-up portion of the
metropolitan area of Thessaloniki. This includes the central municipality together with the
adjacent municipalities that form the majority of continuous urban fabric. From the large
suburban municipality of Pylaia–Chortiatis, only the settlements of Pylaia and Panorama
were included, whereas peri-urban and mountainous settlements (e.g., Pefka, Exochi,
Hortiatis, Fyliro, Asvestochori) were excluded due to their substantially lower population
densities and longer commuting distances from the urban core.

Socio-economic and demographic variables were obtained from the Panorama Statis-
tics database, based on official ELSTAT 2011 census data [85]. The 2021 census data are not
yet publicly available at this level of detail. Data are reported at the LSU level, whose bound-
aries are defined by EKKE–ELSTAT [85] and broadly define neighborhoods of varying sizes.
Selecting LSU as the spatial units of analysis is appropriate since:

• Each LSU encompasses 700–1500 inhabitants, corresponding closely to the social and
spatial scale at which neighborhood effects and socio-spatial inequalities are traced;

• LSUs are standardized across Greek cities, allowing consistent comparisons in future
research beyond Thessaloniki;

• Census indicators are directly reported at LSU level, avoiding the need for ad hoc
aggregation or disaggregation of data.

A total of 673 LSU polygons were included in the analysis, covering the defined urban
agglomeration. For each census variable, location quotients (LQs) were calculated relative
to the total and mean values of the LSU features, providing standardized measures of
socio-economic differentiation across neighborhoods.

3.3. Socio-Spatial Data Processing

To capture the socio-economic structure of Thessaloniki’s metropolitan area, a set of
variables was selected from the 2011 Population and Housing Census and related statistical
sources [85]. Variables were grouped into two broad categories:

(i) Economic variables, reflecting the professional composition of the population, eco-
nomic sector of employment, unemployment rates, and non-active population, along-
side “objective” property values for taxation from the Ministry of Finance [81].

(ii) Social variables, characterizing selected aspects of residents’ conditions, including
ethnic/national origin, housing conditions and amenities (car ownership, internet
access, residential space per capita), and educational level (very high—very low, as
the scope was to investigate extreme polarizations regarding educational status).

All variables were first collected as simple counts of individuals. These counts were
then expressed as percentages relative to the relevant population or household totals. To
make results comparable across spatial units of different sizes, Location Quotients (LQs)
were calculated for each variable in each local zone. The use of LQs in this analysis is
methodologically justified, as (a) they allow for a relative normalization of the observed
socio-economic variables across the metropolitan area, facilitating the integration of hetero-
geneous indicators within the multivariate (PCA) analysis, (b) they weight local proportions
against the corresponding metropolitan averages, thus controlling for structural size differ-
ences between zones and for variations in total population or employment.

The LQ (1) is defined as:

LQ =
Vir/Vr

Vin/Vn
(1)



Land 2025, 14, 2083 9 of 30

where Vir is the value of variable i in region r, Vr is the total value of all variables in region
r, Vin is the value of variable i in the larger area n, and Vn is the total value of all variables
in the larger area n.

In this study, the reference region n corresponds to the metropolitan zone of Thessa-
loniki and Vin, Vn were estimated using these boundaries. LQ allows the mapping of areas
with over- or under-representation of socio-economic groups relative to the metropolitan
baseline, supporting both mapping visualization and subsequent statistical analyses. LQ is
interpreted as follows:

• LQ > 1: The variable is more concentrated locally than at the metropolitan level.
Particularly strong if LQ > 1.2 [86].

• LQ < 1: The variable is less concentrated locally than at the metropolitan level. Partic-
ularly weak if LQ < 0.8 [86].

Statistical analysis was conducted in SPSS software (IBM SPSS Statistics 20). Descrip-
tive statistics and distributional properties of the LQ variables were evaluated prior to
multivariate analysis (Appendix B, Tables A1–A4). Given that several socio-economic
variables displayed skewed distributions, PCA was nonetheless applied as a data reduction
technique to variables in Table 1, tolerating moderate deviations from normality in line
with common scientific practice. Suitability was assessed using the Kaiser–Meyer–Olkin
(KMO) statistic [87] and Bartlett’s test of sphericity [88], and variables with low commu-
nalities or poor measures of sampling adequacy were excluded from the final solution.
Components were extracted according to the eigenvalue > 1 criterion, rotated with Varimax
to aid interpretation, and factor scores were calculated using the regression method.

Table 1. Socio-economic variables analyzed.

Variable Code Description/Notes

Industrial Employment EC_LQ1 Share of employed population in industrial sector.

Commercial & Public Sector Employment EC_LQ2 Share of employed population in commerce and
public sector.

Directors EC_LQ3 ELSTAT Code 1 (Hellenic Statistical Authority, 2011)
Freelancers & Technology Professions EC_LQ4 ELSTAT Codes 2–3 (Hellenic Statistical Authority, 2011)
Office & Services EC_LQ5 ELSTAT Codes 4–5 (Hellenic Statistical Authority, 2011)
Technicians EC_LQ6 ELSTAT Code 7 (Hellenic Statistical Authority, 2011)
Industrial & Non-Specialized Workers EC_LQ7 ELSTAT Codes 8–9 (Hellenic Statistical Authority, 2011)

Unemployment Rate EC_LQ8 % unemployed, relative to total employed (job-seekers
included, non-active excluded).

Non-Active Population EC_LQ9 % non-active, relative to total population.
Property Values EC_LQ10 Official state-defined (“objective”) property values.
Nationality—Greek origin SOC_LQ1 Greek nationality.

Nationality—Developed countries SOC_LQ2 Western/Northern/Southern Europe and developed
non-European countries.

Nationality—Eastern Europe SOC_LQ3 Non-developed Eastern European countries.

Nationality—Global South SOC_LQ4 Middle East, North Africa, and other less
developed countries.

Households with >1 car SOC_LQ5 2–6 cars per household.
Households without a car SOC_LQ6 Zero-car households.
Households without internet SOC_LQ7 No internet access.
Small residential space SOC_LQ8 <20 m2 per person.
Large residential space SOC_LQ9 >50 m2 per person.
Very High education SOC_LQ10 Master’s/PhD degrees (children < 5 years old excluded).

Very Low education SOC_LQ11 Primary school only or illiterate (children < 5 years
old excluded).
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3.4. Perceptual Data Collection and Pre-Processing

We mapped Thessaloniki’s urban image by processing street-level imagery with
ZenSVI [63] and applying the six pre-trained Place Pulse 2.0 models [62]. The models were
selected because they currently remain the most openly available and validated models
trained on over 50 cities worldwide with an acceptable average accuracy (73.5%) (see
Section 2.2). In our workflow, internal consistency was further examined by checking that
inter-dimension correlations and visual cues (Appendix A) reproduce expected patterns
reported in prior literature (see Section 2.3).

We assembled a corpus of more than 126,000 geotagged photographs from Mapil-
lary [89] and 32,000 from KartaView [90]. Photographs were taken from 2009 to 2025 with
67% during summer, 4% in winter and 93% during the day. Almost 60% came from a single
contributor who performed an extensive campaign in summer of 2018 with a car-mounted
dashcam. Image quality was assessed automatically via the Global Streetscapes pre-trained
model [61]. Roughly 20% of the SVI dataset was classified as very poor quality. Poor quality
images were retained to preserve coverage in areas with sparse imagery, expecting that
aggregation at the LSU level would reduce the influence of individual outliers. Images
identified as inverted due to incorrect camera placement by a user were automatically
flipped before further processing.

SVIs are concentrated in the city center, local centers, and main urban arteries
(Figure 3). To address oversampling along major roads, we aggregated image scores to
the H3 hexagonal grid at resolution 9. For each hexagon we computed the mean of all
image-level scores per perception dimension, producing six per-cell values. These hexagon
means were then inherited to LSU geometries by calculating an area-weighted mean for
each perception dimension, where the weight is proportional to the relative coverage of
LSU by each overlapping hexagon.

Figure 3. SVI density per H3 hexagon (resolution 9). Basemap: OpenStreetMap (Carto).

3.5. Statistical Analysis of Socio-Economic and Perceptual Associations

Associations between the reduced socio-economic structure (in the form of PCA
factors) and the six perception dimensions were examined in two complementary steps.
First, we computed conventional Pearson correlation coefficients (r) with 95% confidence
intervals (CI) and applied the Benjamini–Hochberg procedure [91] to control the false
discovery rate (Type I error) across multiple correlation tests. These correlations capture
linear co-variation at the LSU level but assume spatial independence of observations.

To explicitly account for spatial dependence, we calculated bivariate Moran’s I [83].
A robust Moran’s I procedure was first implemented by increasing neighborhood radii
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between LSU centroids from 200 m to 600 m at a step of 100 m to assess sensitivity to the
neighborhood radius. This was done by calculating Spearman’s ρ rank correlation between
Moran’s I values and radii r.

Based on this diagnostic, the selected radius was then applied in bivariate Moran’s I
calculations. For each perception–factor pair, bivariate Moran’s I was calculated in both
forms (x with the spatial lag of y and vice versa). The coefficient with the larger ab-
solute value was retained as the reported statistic. Significance was evaluated using
1000 random permutations to obtain two-sided confidence intervals, and results were
adjusted for multiple testing using the Benjamini–Hochberg procedure within each
perception block.

This two-step strategy ensured that (i) direct linear associations were identified, and
(ii) spatial clustering of these associations was formally tested to rule out spurious correla-
tions arising from geographic autocorrelation.

Perception scores derive from images captured between 2009 and 2025, whereas
socio-economic indicators refer to 2011. Reported associations are therefore cross-sectional
but temporally non-contemporaneous, which can attenuate or inflate effect sizes.

4. Results
4.1. Socio-Spatial Analysis Results

As a first step, normality of the 21 socio-economic variables was assessed through
descriptive statistics across the 673 spatial units (Appendix B). Overall, most variables show
means close to 1.0, reflecting the balancing effect of the Location Quotient. Several variables
exhibited high positive skewness and kurtosis, reflecting the presence of extreme values in a
few zones. Notable examples include “Directors” (skewness = 2.12; kurtosis = 6.96), “Origin
from developed countries” (skewness = 5.92; kurtosis = 45.5), “Origin from less developed
countries” (skewness = 3.84; kurtosis = 28.8), and “Very high education” (skewness = 2.05;
kurtosis = 6.06). These distributions are asymmetric, indicating localized “pockets” where
certain occupational or social groups are highly concentrated, while absent in most other
areas (e.g., affluent enclaves with many directors, or immigrant clusters).

Conversely, some variables, such as SOC_LQ1, show negative skewness (−1.33). Many
variables (SOC_LQ2, SOC_LQ3, SOC_LQ4) also present zero values in multiple zones,
reflecting the absence of specific groups at the neighborhood scale. While presence of zero
values complicates normality assumptions, these variables were retained in the analysis to
capture spatial differentiation and localized socio-economic extremes. Overall, the dataset
contains some non-normal variables with skewed distributions and significant outliers,
especially in variables representing directors, foreign origins, and higher education. These
deviations are substantively meaningful, reflecting socio-spatial inequalities in Thessa-
loniki. Two variables (EC_LQ5 and SOC_LQ2) exhibited low communalities and sampling
adequacy and were excluded from the final PCA solution.

The geographic distribution of areas with strong presence of each corresponding social
or economic variable (LQ > 1.1) is plotted in Figure 4. Correlation analysis was also used
to explore the structural relationships between economic and social indicators prior to
PCA. Expected sectoral contrasts were confirmed, as industrial and commercial activities
formed two opposite axes. The industrial sector was positively correlated with technicians
and unskilled workers (r ≈ 0.7–0.8), and negatively with self-employed (r = −0.73) and
directors (r = −0.41). Conversely, commercial activities were positively associated with
markers of affluence, such as car ownership (r = 0.40) and large housing space (r = 0.72),
and negatively with lack of internet access (r = −0.64).

Similar patterns emerged for the socio-demographic indicators. The industrial sec-
tor was strongly correlated with smaller housing conditions (<20 m2/person; r = 0.86),



Land 2025, 14, 2083 12 of 30

while the self-employed/technology professionals were positively linked to larger housing
(>50 m2/person; r = 0.65). Population of Eastern European origin was positively associ-
ated with industrial and technician workers (r = 0.35–0.40), while the Greek majority was
negatively correlated with industrial labor (r = −0.32), unemployment (r = −0.35), and
deprivation markers such as lack of internet (r = −0.64) and car ownership (r = −0.73).

Further, land values were found to correlate strongly with commercial/public sector
employment (r = 0.73), self-employed/technology professions (r = 0.72), and large housing
space (r = 0.68). Similarly, higher education was positively associated with commer-
cial/public sector occupations (r = 0.73), directors (r = 0.57), and self-employed/technology
professions (r = 0.70). These associations provide further evidence of the alignment between
socio-economic privilege, housing conditions, and educational attainment.

 

Figure 4. Geographic distribution of areas with strong presence of each corresponding social or
economic variable (LQ > 1.1) of Table 1 (SOC_LQ1 was not plotted since its maximum LQ value
is < 1.1).

Suitability of the variables for PCA was evaluated prior to extraction. The Kaiser–
Meyer–Olkin (KMO) measure was 0.842, indicating meritorious sampling adequacy [87].
Bartlett’s test of sphericity was highly significant (χ2 = 17,381, df = 171, p < 0.001), confirming
that the correlation matrix is appropriate for factor analysis. Communalities were generally
high (>0.70), indicating that extracted components explain a substantial portion of variance.
SOC_LQ2 and EC_LQ5 had low communalities (MSA) in preliminary runs and were
excluded from the final solution. After Varimax rotation, a four-factor structure was retained
(Appendix B), jointly explaining 81.3% of the total variance, with the first two components
alone accounting for nearly 70%. Factor scores were estimated using the regression method.
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When considering only variables with loading higher than |0.4| in the corresponding
factors (Table 2), we reach the following interpretation:

• Factor F1—Industrial Economy & Deprivation–Affluence Axis: Contrasts areas domi-
nated by industrial and technical occupations with zones of higher socio-economic
advantage. Positive loadings: Secondary sector, industrial & technical jobs, small
housing, and very low education. Negative loadings: Commerce/public sector),
Land values, large housing, very high education. Land value (−0.831) highlights the
deprivation-to-affluence continuum.

• Factor F2—Migrant Concentration and Resource Constraints: Defined by East European
origin, Global South origin, no car, no internet. Negative loadings capture the Greek-
origin majority with higher car ownership. This suggests migrant concentration with
material deprivation, indicative of enclave-type segregation.

• Factor F3—Occupational Hierarchy: Positive loadings for directors and self-employed/
technology. Negative loadings for technicians and manual/unspecialized. This factor
separates managerial/technical elites from manual labor.

• Factor F4—Labor Market Detachment and Mobility Deficits: Captures unemployment and
non-active population, with moderate positive loadings for no car and no internet
variables. This may represent central-city groups such as retirees and students, who
often lack mobility and digital resources, and are economically non-active.

Table 2. Rotated PCA component matrix (Varimax, loadings > |0.40|, smaller loadings are suppressed).

Variable
PCA Component

F1 F2 F3 F4

EC_LQ1 (Ind.) 0.890
EC_LQ2 (Comm. & Publ. Sect.) −0.893
EC_LQ3 Directors 0.823
EC_LQ4 (Freelancers & Techn.) −0.719 0.610
EC_LQ6 (Technicians) 0.666 −0.619
EC_LQ7 (Indust. &
Non-Specialized) 0.631 −0.639

EC_LQ8 (Unempl.) 0.782
EC_LQ9 (Non-active) 0.747
EC_LQ10 (Property Val.) −0.831
SOC_LQ1 (Greeks) −0.938
SOC_LQ3 (Eastern EU) 0.802
SOC_LQ4 (Global South) 0.870
SOC_LQ5 (>1 car) −0.563 −0.570
SOC_LQ6 (no car) 0.718 0.579
SOC_LQ7 (no Internet) 0.468 0.536 0.484
SOC_LQ8 (small residence) 0.898
SOC_LQ9 (large residence) −0.822
SOC_LQ10 (v.high edu) −0.744
SOC_LQ11 (v.low edu) 0.840

Mapping of the four factors (F1–F4) across the metropolitan area of Thessaloniki
reveals distinct socio-spatial patterns that are consistent with the city’s historical devel-
opment, labor market segmentation, and residential differentiation (Figure 5). Factor 1
displays a stark divide between the working-class northwestern sectors (industrial jobs,
small dwellings, low education) and affluent areas extending from central districts to the
southern coast (Kalamaria) and into the eastern suburbs (Panorama–Pylaia). Factor 2 shows
high scores in the central-western districts around the railway station, port, and Vardaris,
as well as older housing areas around Kassandrou and Olympiados Streets and the eastern
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fringe of the center (Theagenio hospital, Pananastasiou Street), reflecting concentrations of
migrant households.

 

Figure 5. Mapping of PCA factors F1–F4 in the metropolitan area of Thessaloniki.

Factor 3 peaks in the eastern suburbs, especially Panorama, with managerial and high-
skilled residents, and to a lesser extent in Kalamaria, while the historic center shows mainly
negative values with occasional positive pockets. Factor 4 identifies suburban deprivation
pockets in the northwestern periphery (Dendropotamos River, Meteora settlement) and
concentrations in the historic center and nearby districts (e.g., Saranta Ekklisies), where
aging retirees and student populations converge, both typically characterized by limited
private mobility.

4.2. Perceptual Analysis Results

The perception maps (Figures 6–8) reveal a distinct spatial pattern in Thessaloniki.
Figure 6 shows that high safety scores concentrate in the historic city center and along the
eastern corridors, whereas lower safety appears in the industrial and peripheral zones. Per-
ceptions of safety, liveliness, and wealth (Figures 6 and 7) all peak in roughly the same areas:
the compact core downtown and the affluent suburbs to the southeast (e.g., Panorama,
Thermi). Conversely, boredom and depression (Figure 8) are highest in the northwestern
neighborhoods, industrial areas and around the port and the ring road. Beauty (Figure 7)
stands out in green and low-density fringes (e.g., Pefka, Panorama hills, Karabournaki,
Nea Krini), reflecting the abundance of trees and quality open spaces. Generally, eastern
and southeastern areas and the city center seem to score higher on positive perceptions
while northwestern districts score higher on negatives.
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Figure 6. Safer (left) and livelier (right).

Figure 7. Wealthier (left) and more beautiful (right).

Figure 8. More boring (left) and more depressing (right).

Example photos randomly selected from the lowest and highest scoring 10% of the
SVI dataset are provided in the Appendix A (Figures A1–A6). In Figure A1, the top row
shows three of the highest-scoring images for safety: all depict orderly streets with high
openness, some vegetation and signs of life (parked cars, pedestrians). The bottom row
shows three low-scoring safety images: these are wide vacant lots, streets with little signs
of life and alleys. Figure A2 (liveliness) and Figure A3 (beauty) follow a similar logic: the
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high-score images have active street fronts, busy street traffic and tall vegetation, whereas
the low-score images are highways, industrial areas, construction sites or vacant lands.

Figure A4 (wealth) displays central plazas, main streets and store frontages as
“wealthy” scenes in contrast to more concrete-dominated housing areas. Figure A5 (bore-
dom) and Figure A6 (depression) show high-scoring pictures of derelict industrial zones
and plain landscapes (e.g., empty service roads, construction sites, blank facades) ver-
sus low-scoring active street frontages and green spaces. These example images confirm
that the model’s scores align with intuitive cues: order, openness, signs of human activ-
ity, vegetation produce high safety and liveliness, while industrial decay, emptiness and
abandonment produce high boredom and depression.

To better understand the relation between perception dimensions in Thessaloniki we
performed an exploratory PCA, reducing the six dimensions to two (P1 and P2 explaining
61% and 24% of total variance, respectively). P1 describes activity, prosperity, safety vs.
boredom, while P2 describes depression vs. beauty. This means that places in Thessaloniki
can be more beautiful or more depressing irrespective of perceived liveliness, wealth and
safety. Also, places simultaneously beautiful and boring may be common while places
simultaneously beautiful and depressing might be very rare (Figure 9).

Figure 9. PCA correlation circle (varimax rotated axes).

4.3. Autocorrelation and Correlation of Socio-Spatial and Perceptual Data

Global spatial structure is strong and scale-dependent (Table 3). Among factors, F1 is
highly clustered and stable across 200–600 m radii (mean Moran’s I = 0.795, CV = 0.039,
ρ vs. radius = 0). F2 is strongly clustered on short radii but weakens as distance grows
(I = 0.728, CV = 0.189, ρ = −1). F3 is moderate and slightly strengthens with increasing
radius (I = 0.417, ρ = 0.4). F4 is weak to moderate yet grows with scale (I = 0.165, ρ = 1). Per-
ceptions also cluster together in space. Wealthier, safer, and livelier are the most structured
(I = 0.613, 0.587, 0.582, respectively). Beauty is moderate (0.498). Boring and depressing
are lower and more variable, with depressing showing the largest dispersion across radii
(SD = 0.100, CV = 0.219). Scale dependency is revealed by different neighborhood radii:
safety, beauty, depression attenuate with radius (ρ = −1), meaning their clustering is more
localized, while wealth and liveliness strengthen (ρ = 0.8 and 0.7) over distances.

Pearson correlations align perceptions with the socio-economic axes in expected
ways yet with notable twists (Table 4). F1 relates negatively to safety, liveliness, wealth,
beauty, and positively to depressing, all at q < 0.05. F2 relates positively to liveliness and
wealth, negatively to boredom, and weakly positively to safety. F3 associates negatively
with liveliness and positively with beauty and boredom. F4 aligns positively with safety,
liveliness, and wealth. Beauty shows no linear link to F2 or F4.
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Table 3. Moran’s I global autocorrelation measure for the four factors and perceptual parameters.
Min, max, coefficient of variation (CV) and Spearman’s ρ (I vs. radius) are also provided.

Variable Mean Moran’s I (200–600 m radii) Min I Max I St. Dev. CV ρ

F1 0.795 0.755 0.835 0.031 0.039 0
F2 0.728 0.599 0.949 0.138 0.189 −1
F3 0.417 0.38 0.452 0.029 0.07 0.4
F4 0.165 0.105 0.251 0.062 0.377 1

wealthier 0.613 0.586 0.641 0.023 0.037 0.8
safer 0.587 0.539 0.621 0.034 0.058 −1

livelier 0.582 0.538 0.604 0.028 0.048 0.7
more beautiful 0.498 0.425 0.58 0.06 0.12 −1

more boring 0.468 0.404 0.518 0.046 0.099 0.4
more depressing 0.457 0.342 0.591 0.1 0.219 −1

Table 4. Pearson correlation r between perception scores and socio-spatial factors F1–F4 for confidence
interval (CI) 95%. p-value and q value are also calculated for FDR correction (5%).

Perception Factor r CI (95%) p q (BH-FDR) Significant
(95% Level)

safer

F1 −0.47 −0.53 to −0.41 <0.001 0.000 ✓
F2 0.12 0.04 to 0.19 0.003 0.004 ✓
F3 −0.06 −0.14 to 0.01 0.103 0.124
F4 0.18 0.11 to 0.25 <0.001 0.000 ✓

livelier

F1 −0.40 −0.47 to −0.34 <0.001 0.000 ✓
F2 0.29 0.22 to 0.36 <0.001 0.000 ✓
F3 −0.20 −0.27 to −0.13 <0.001 0.000 ✓
F4 0.37 0.30 to 0.43 <0.001 0.000 ✓

wealthier

F1 −0.51 −0.56 to −0.45 <0.001 0.000 ✓
F2 0.28 0.21 to 0.35 <0.001 0.000 ✓
F3 −0.12 −0.20 to −0.05 0.001 0.002 ✓
F4 0.30 0.23 to 0.37 <0.001 0.000 ✓

more
beautiful

F1 −0.43 −0.49 to −0.36 <0.001 0.000 ✓
F2 0.00 −0.07 to 0.08 0.958 0.958
F3 0.19 0.12 to 0.26 <0.001 0.000 ✓
F4 0.04 −0.04 to 0.11 0.312 0.356

more
boring

F1 0.07 −0.01 to 0.14 0.076 0.096
F2 −0.37 −0.43 to −0.30 <0.001 0.000 ✓
F3 0.23 0.16 to 0.30 <0.001 0.000 ✓
F4 −0.30 −0.37 to −0.23 <0.001 0.000 ✓

more
depressing

F1 0.41 0.35 to 0.47 <0.001 0.000 ✓
F2 −0.04 −0.11 to 0.04 0.335 0.365
F3 −0.13 −0.20 to −0.05 0.001 0.002 ✓
F4 −0.04 −0.11 to 0.04 0.353 0.368

Bivariate Moran’s I for a neighborhood radius of 400 m confirms the main gradients
while exposing spatial contingencies (Table A5). F1 co-locates negatively with safety,
liveliness, wealth, beauty, and positively with depression. F2 co-locates with liveliness and
wealth and anti-locates with boredom. F3 shows small but significant spatial links that
mirror Pearson signs for liveliness, beauty, boredom, and depression. F4 co-locates with
safety, liveliness, wealth, beauty, and anti-locates with boredom and depression.

Key differences between r and I mark where associations are non-spatial or scale-
mismatched. Safer–F2 is significant in r but not in I, implying an aspatial association at
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400 m. Wealthier–F3 is significant and negative in r but null in I. The reverse also appears:
Beauty–F4 is null in r yet significant and positive in I, and depressing–F2 and depressing–F4
are null in r yet significantly negative in I. Where both metrics are significant, I magnitudes
are smaller than r, consistent with spatial dilution.

Implications for potential segregation are multi-faceted. F1 reflects the northwest–
southeast deprivation–affluence divide of Thessaloniki. Yet F2 complicates the picture:
migrant concentration overlaps with lively, prosperous-looking central districts, where
mixed uses and dense street life offset socio-economic constraints. F3 aligns with “beautiful
but boring” neighborhoods. F4, concentrated in the historic city center, links to safe, vibrant,
and wealthy perceptions despite labor-market detachment, since students and retirees
benefit from centrality and multiple available services. These findings show that while
structural divides persist, perceptions are shaped by urban form and function, producing
environments where disadvantage and positive imagery coexist.

5. Discussion
5.1. Socio-Spatial Differentiation Mirrored in the Image of the City

Cities are inherently complex and diverse, both in their urban form and in the social
structures that shape them. This complexity is the outcome of long-term socio-spatial
interactions and dynamics. In this study, we propose a methodology capable of capturing
such diversities as they are projected into space, with a particular focus on differentiation
patterns linked with inequalities, segregation, or exclusion [2,21]. Our approach combines
(i) geo-statistical analysis of neighborhood-scale census data and (ii) AI-driven street-image
analysis using the PlacePulse 2.0 perception dataset. Applying both at the same spatial unit
level allowed for direct comparison in the study area.

Results show that Thessaloniki is more sharply divided than often assumed for south-
ern European cities [71,92]. The first two PCA components (F1, F2) explain nearly 70% of
variance across 21 socio-economic indicators and reveal a clear pattern: a working-class
northwest zone contrasts with an affluent southeast, with the historic center in between. An
“affluence corridor” runs from the redeveloped seafront (Nea Paralia) through Kalamaria
to the eastern suburbs of Panorama and Pylaia. This reproduces well-known east–west
inequalities in the city.

Ethnic concentration is also evident. Migrants from Eastern Europe and the Global
South concentrate in central-western districts near the port and railway station, closer
to the urban core than the native-Greek working class that concentrates in the western
sector. Factor 4 highlights the dual character of the historic center, with students and
pensioners concentrated in old housing stock, alongside poverty pockets in the periph-
eral northwest. This aligns with results from the pan-European study by Malheiros [93].
Factor 3, by contrast, marks concentrations of directors and freelancers in the southern
suburbs. Methodologically, LQ indices and PCA allowed high-dimensional census data to
be summarized without losing local variation. These factors are not causal but structured
representations of socio-spatial layering.

Street-image analysis offered a complementary view. Perceptions of wealth, safety,
and liveliness are highest in central and southeastern neighborhoods, while boredom and
depression cluster in industrial and northwestern zones. Places such as Tsimiski avenue
and the waterfront area register as wealthy, while abandoned warehouses near the port are
perceived as depressing or boring. Broadly, perceptual geography mirrors socio-economic
divides, reinforcing the utility of AI-derived imagery in urban analysis.

Yet the correspondence is not absolute. Migrant concentration (F2) correlates positively
with liveliness and wealthier appearance and negatively with boredom, both in Pearson r
and bivariate Moran’s I. This indicates that migrant-dense areas are embedded in active
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mixed-use environments, usually near downtown areas, that project prosperity and vitality.
Occupational hierarchy (F3) aligns positively with beauty but also with boredom, pointing
to suburban zones that are aesthetically green but quiet. Labor-market detachment (F4)
co-locates with perceptions of safety, wealth, and liveliness in the historic core, where
non-active groups benefit from centrality and services. These cases complicate the notion
that socio-economic disadvantage is matched by negative imagery.

Scale effects add further complexity. Moran’s I trends show that safety, beauty, and
depression are highly local, strongest at small radii and weakening with distance. Wealth
and liveliness cluster more strongly at larger radii, indicating that they reflect broader
neighborhood or district gradients. Such differentiation in spatial reach underscores the
importance of multi-scalar approaches to Mediterranean segregation, where local contrasts
and citywide axes intersect.

Taken together, the analysis suggests that Thessaloniki bears features of socio-spatial
differentiation but not in a uniform or deterministic sense. A NW–SE deprivation–affluence
duality appears to be robust, yet central migrant neighborhoods project lively and pros-
perous images, and suburban elites inhabit beautiful but sometimes boring settings. The
historic core, while socio-economically mixed, reads as safe and affluent, traditionally being
a place of concentration of many retirees and students, both registered as economically
inactive. Differentiation therefore coexists with counter-patterns shaped by morphology,
centrality, and activity.

Whether Thessaloniki should be classified as a segregated city remains open. Spatial
divisions are clear, but not all disadvantaged populations occupy negatively perceived
spaces. As Malheiros [93] argues, the issue is not clustering itself but when poor people
and poor environments overlap with exclusion, crime, or weak social cohesion. From this
perspective, the central challenge is livability, not segregation per se.

5.2. Urban Planning and Policy Implications

Integrating perceptual indicators with census structure provides several insights
for urban planning, design and policy, as it identifies where inequalities are both socio-
economic and visually perceptible and where they diverge. Lived experience and place
identity should inform planning and urban regeneration projects, yet formulaic solutions
that underestimate these dimensions seem to prevail globally [25,94].

The combined results of our study confirm the long-standing socio-spatial divide
of Thessaloniki, particularly the contrast between the western and northwestern sectors,
traditionally associated with lower-income/working class populations, and the more afflu-
ent eastern and southeastern sectors. Beyond confirming this general pattern, our work
advances the discussion by specifying and mapping these inequalities with high spatial
precision, also revealing additional “pockets” of socio-spatial inequality and concentration
of specific migrant groups. Such spatially explicit insights could inform the prioritiza-
tion of social inclusion initiatives in Thessaloniki, directing resources toward the most
vulnerable neighborhoods.

Generally, the study results can be used as a policy lens to prioritize interventions
where negative perceptions co-locate with structural disadvantage. This is important
as the integration of perceptual indicators derived from street-level imagery into urban
analysis provides a novel dimension that is rarely incorporated into conventional planning
processes. Mapping how residents perceive urban environments can reveal subtle aspects
of socio-spatial deprivation that are not easily captured by census data, thus supporting
more sensitive and equitable spatial strategies.

Currently, the metropolitan planning framework of Thessaloniki lacks a coherent,
long-term strategic vision. In 2014, amid national planning reforms and austerity measures,



Land 2025, 14, 2083 20 of 30

Thessaloniki’s metropolitan regulatory plan and its implementing agency were abolished,
with functions absorbed into higher-level (national, regional) frameworks. Since then,
the city has focused on “special projects”, such as the TIF-HELEXPO redevelopment, the
expansion of the port to accommodate cruise tourism and height-exception approvals.
These are advancing with limited public consultation, fragmenting policy and sidelining
local identity. Other major interventions often remain infrastructure-driven (e.g., the metro
development and its future expansions, and the flyover ring road expansion), not directly
assessing socio-spatial impacts.

Strengthening institutional participatory mechanisms and citizen engagement could
help counterbalance this top-down tendency and ensure that regeneration efforts address
real social needs rather than reproducing inequalities. Our work contributes towards mak-
ing such data more transparent, which is a requirement for democratic planning. Another
insight concerns the historical center, identified in our study as a socially mixed, vibrant
area of the city, emerging as a key interface between different social groups, while still
preserving its role as a place of residence for elderly pensioners and students, in particular.
Therefore, urban policies should aim to preserve its residential diversity and everyday
functions, reinforcing its role as a spatial and social integrator within Thessaloniki’s urban
fabric. Surging short-term rentals, retail monoculture, and rent inflation endanger the
city center’s residential mix, which sustains vibrancy and local identity. If students and
pensioners are priced out, the center is likely to drift toward a more exclusive and sterile
landscape. While the metro currently expands east, prioritizing western neighborhoods
would likely boost access and place perception, mitigating existing discrepancies.

5.3. Limitations and Future Research

In discussing methodological limitations and future research pathways, we can draw
four main directions, regarding spatial scale, temporal perspective, future methodological
enrichments and policy integration. These are briefly discussed below:

Spatial scale: Census data are constrained by predefined zones that include peri-urban
polygons with little population. Downscaling via land-use, density, or gridded models
could refine the spatial picture. The contrasting scale effects in perception data reinforce
this need.

Temporal perspective: Our analysis provides a largely static snapshot across different
years. Census baseline is 2011 while SVI collection span multiple years. We did not
explicitly account for dynamics over time, particularly the long-lasting impacts of the Greek
economic crisis (2008–2019), which may have significantly reshaped socio-spatial structures.
As the 2021 census data are not yet fully available at fine spatial resolution, we could not
integrate longitudinal perspectives. A natural future extension of this work would be the
exploration of comparative temporal data and the application of segregation indexes across
different periods to better capture trajectories of change and resilience.

Methodological Enrichment: Future work should focus on segregation-candidate
spaces with local surveys and participatory mapping to test whether lived experience
aligns with model predictions. While such global models can provide a useful “base”
for analysis, fine-tuning with additional local datasets might increase accuracy and re-
duce bias for place-specific studies that respect local cultural perceptions. This can be
achieved by newer transformer-based vision models that allow fine-tuning via LoRAs
(Low-Rank Adaptations).

Policy integration: With AI becoming rapidly integrated in urban planning, crucial pol-
icy questions are raised: The automation of deep place knowledge offered by AI will likely
be used to drive real-estate investments. Could hidden model biases become engrained in
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AI-assisted planning processes? Could their widespread use amplify such biases, creating
a vicious cycle of self-reinforcing socio-spatial inequalities and negative place perceptions?

These questions remain, yet it is clear that such a methodological enrichment, combin-
ing statistical analysis with participatory and policy-oriented approaches, would enable a
more holistic understanding of urban differentiation and segregation in Thessaloniki.

6. Conclusions
This study shows that pairing census-based indices with automated street-image

perception yields a coherent account of socio-spatial structure at the metropolitan city level,
while the GeoAI analysis offers a complementary view. This framework is replicable and
policy-relevant, casting further light into the complex issue of urban inequality, spatial
justice, and socio-spatial segregation. With only one city as a case study, it is not possible
to draw a more generalized conclusion on causality; however, our work adds to existing
literature. Through future review works, broader methodological conclusions on how
perceptions and census characteristics are spatially aligned could be reached.

When applied into the city of Thessaloniki, a typical compact city of the Mediterranean
regions, our analysis reveals that a robust northwest to southeast axis separates working-
class and deprived areas from affluent corridors, while central districts display mixed yet
patterned outcomes. Interestingly, migrant concentrations near the downtown area align
with lively and prosperous-looking environments rather than uniformly negative imagery,
while suburban elites occupy greener and more beautiful zones that are often read by the
GeoAI algorithm as relatively boring.

Spatial autocorrelation confirms strong clustering, with safety, beauty, and depression
acting locally, and wealth and liveliness spreading over broader neighborhoods, includ-
ing the downtown core. Overall, Thessaloniki is clearly a spatially divided city but not
necessarily a segregated one, as not all disadvantaged populations occupy negatively
perceived spaces.

Ultimately, this research provides a framework for monitoring spatial inequalities and
potentially supporting participatory decision-making, ensuring that planning interventions
reflect both structural conditions and lived perceptions. When seen through the lens of
urban planning practice, this would point towards integrated urban regeneration that
addresses not only public-space design but also urban identity and perception. Spatial
alignment between perceptions and socio-economic structure can guide where negative
imagery and disadvantage co-occur, and where lively streets mask deprivation and exclu-
sion at the micro level. This perception–socio-economic frame also supports participatory
governance, making spatial patterns legible to decision-makers, residents and visitors, and
incorporating their priorities into co-design processes without erasing local character.
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Appendix A

Figure A1. Example images scored for safety [89].

Figure A2. Example images scored for liveliness [89].
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Figure A3. Example images scored for beauty [89].

Figure A4. Example images scored for wealth [89].
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Figure A5. Example images scored for boredom [89].

 
 Figure A6. Example images scored for depression [89].

Appendix B

Table A1. Descriptive statistics of socio-economic and social LQ variables (N = 673 spatial units).

Variable Min Max Mean Std. Dev. Skewness Kurtosis

Economic
EC_LQ1 Industrial 0.24 2.25 0.99 0.33 0.48 −0.40
EC_LQ2 Commercial/Public 0.60 1.23 1.00 0.10 −0.38 −0.29
EC_LQ3 Directors 0.18 3.62 0.99 0.48 2.12 6.96
EC_LQ4 Self-employed/Tech 0.11 2.20 1.00 0.41 0.28 −0.77
EC_LQ5 Office & Services 0.42 1.54 1.00 0.15 −0.68 1.70
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Table A1. Cont.

Variable Min Max Mean Std. Dev. Skewness Kurtosis

EC_LQ6 Technicians 0.08 2.29 1.00 0.41 0.29 −0.37
EC_LQ7 Workers (Industry & Unskilled) 0.14 2.38 1.00 0.44 0.32 −0.55
EC_LQ8 Unemployed 0.17 4.14 1.04 0.48 1.45 4.19
EC_LQ9 Non-active 0.71 1.33 1.00 0.08 0.02 1.97
EC_LQ10 Land Values 0.47 1.96 1.00 0.26 0.87 1.48
Social
SOC_LQ1 Greek origin 0.72 1.06 1.00 0.05 −1.33 2.45
SOC_LQ2 Origin: Developed countries 0.00 22.83 1.05 1.88 5.92 45.50
SOC_LQ3 Origin: East European 0.00 4.24 1.03 0.80 1.04 0.70
SOC_LQ4 Origin: Global South 0.00 12.69 1.03 1.17 3.84 28.78
SOC_LQ6 Households w/o car 0.09 2.73 1.02 0.49 0.60 0.12
SOC_LQ7 No Internet 0.21 2.16 1.01 0.26 0.04 1.12
SOC_LQ8 Housing space < 20 m2/person 0.05 2.56 0.99 0.44 0.25 −0.28
SOC_LQ9 Housing space > 50 m2/person 0.43 1.65 1.00 0.22 −0.04 −0.40
SOC_LQ10 Very high education 0.00 8.01 1.01 1.02 2.05 6.06
SOC_LQ11 Very low education 0.31 2.66 1.00 0.28 0.62 2.41

Table A2. Communalities (Extraction).

Variable Extraction Variable Extraction

EC_LQ1 0.868 SOC_LQ1 0.954
EC_LQ2 0.901 SOC_LQ3 0.816
EC_LQ3 0.814 SOC_LQ4 0.776
EC_LQ4 0.903 SOC_LQ5 0.819
EC_LQ6 0.850 SOC_LQ6 0.904
EC_LQ7 0.835 SOC_LQ7 0.798
EC_LQ8 0.676 SOC_LQ8 0.874
EC_LQ9 0.694 SOC_LQ9 0.712
EC_LQ10 0.756 SOC_LQ10 0.738

SOC_LQ11 0.767

Table A3. PCA—Total Variance Explained.

Component Eigenvalue % Variance Cumulative %

1 9.44 49.70 49.70
2 3.73 19.68 69.33
3 1.20 6.29 75.63
4 1.08 5.65 81.30
5+ <1.00 — —

Table A4. Rotated Component Matrix (Varimax, loadings > |0.10|).

Component

1 2 3 4

EC_LQ1 0.890 0.213 −0.157
EC_LQ2 −0.893 −0.214 0.130 −0.199
EC_LQ3 −0.278 −0.149 0.822 −0.195
EC_LQ4 −0.715 0.615
EC_LQ6 0.662 0.113 −0.624
EC_LQ7 0.627 0.160 −0.644
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Table A4. Cont.

Component

1 2 3 4

EC_LQ8 0.243 0.781
EC_LQ9 −0.222 0.285 0.751
EC_LQ10 −0.830 0.257
SOC_LQ1 −0.201 −0.937 −0.184
SOC_LQ3 0.381 0.800 0.173
SOC_LQ4 0.871 −0.103
SOC_LQ5 −0.157 −0.555 0.384 −0.581
SOC_LQ6 −0.117 0.711 −0.192 0.589
SOC_LQ7 0.469 0.531 −0.238 0.489
SOC_LQ8 0.897 0.178 −0.194
SOC_LQ9 −0.821 −0.161 0.102
SOC_LQ10 −0.745 −0.105 0.357 −0.212
SOC_LQ11 0.841 −0.123 0.199

Extraction Method: Principal Component Analysis, Rotation Method: Varimax with Kaiser Normalization.

Table A5. Bivariate Moran’s I between the six perception dimensions and the four socio-economic
PCA factors, using a 400 m distance radius with 1000 permutations and FDR correction (5%).

Perception Factor I CI (95%) p q (BH-FDR) Significant (95%)

safer

F1 −0.43 −0.08 to 0.08 0.001 0.002 ✓
F2 0.05 −0.06 to 0.07 0.095 0.095
F3 0.06 −0.07 to 0.07 0.040 0.053
F4 0.13 −0.06 to 0.07 0.001 0.002 ✓

livelier

F1 −0.37 −0.08 to 0.07 0.001 0.001 ✓
F2 0.19 −0.06 to 0.07 0.001 0.001 ✓
F3 −0.06 −0.05 to 0.05 0.011 0.011 ✓
F4 0.24 −0.06 to 0.06 0.001 0.001 ✓

wealthier

F1 −0.45 −0.08 to 0.08 0.001 0.001 ✓
F2 0.17 −0.07 to 0.06 0.001 0.001 ✓
F3 0.01 −0.07 to 0.06 0.423 0.423
F4 0.21 −0.06 to 0.06 0.001 0.001 ✓

more
beautiful

F1 −0.36 −0.06 to 0.06 0.001 0.002 ✓
F2 0.02 −0.07 to 0.07 0.279 0.279
F3 0.09 −0.05 to 0.05 0.001 0.002 ✓
F4 0.08 −0.05 to 0.05 0.003 0.004 ✓

more
boring

F1 0.03 −0.05 to 0.06 0.155 0.155
F2 −0.24 −0.06 to 0.06 0.001 0.001 ✓
F3 0.11 −0.05 to 0.05 0.001 0.001 ✓
F4 −0.16 −0.06 to 0.05 0.001 0.001 ✓

more
depressing

F1 0.36 −0.07 to 0.07 0.001 0.002 ✓
F2 −0.06 −0.06 to 0.06 0.023 0.023 ✓
F3 −0.07 −0.05 to 0.05 0.001 0.002 ✓
F4 −0.08 −0.06 to 0.06 0.005 0.007 ✓
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