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ABSTRACT

The assessment of urban wealthiness is fundamental to effective urban planning and development. However,
conventional methodologies often rely on aggregated datasets, such as census data, with a coarse-grained res-
olution at the census tract level, impeding accurate evaluation of wealthiness in individual neighborhoods and
failing to capture spatial heterogeneity. This study proposes a novel approach to predict urban wealthiness at a
point-scale spatial resolution by utilizing geo-tagged street view images as input for deep learning models,
thereby simulating human perception of urban built environments. Using the Place Pulse 2.0 dataset, which
contains over 1.2 million pairwise comparisons of 110,988 street view images from 56 cities worldwide for
different urban environment perception factors (e.g., safety and wealthiness), we developed deep learning
models based on the Swin Transformer and Multi-gate Mixture-of-Experts (MMOE), a multi-task learning ar-
chitecture. These models extract and integrate visual features of surrounding elements, including buildings,
parks, and vehicles, to classify the wealthiness of specific geo-locations into three categories: Impoverished,
Middle, and Affluent. To enhance model training and ground truth data, we modified and enhanced the TrueSkill
Rating System, used for scoring neighborhoods via pairwise street view image comparisons, by considering
temporal decay and spatial autocorrelation factors. These modifications improved the normality of wealthiness
score distribution, reducing the standard deviation from 5.385 to 4.302 and skewness from —0.055 to —0.024.
Consequently, model performance improved consistently, with accuracy increases observed in Swin Transformer
(63 % to 68 %), ViT (54 % to 58 %), and ResNet50 (51 % to 56 %). In addition, proposed MMOE model
demonstrates a significant improvement in the differentiation and classification of wealth categories within a
three-class classification system (Impoverished, Middle, Affluent). It achieves an overall accuracy of 82 %,
outperforming baseline models, Swin Transformer, ViT, and ResNet50, by 14 %, 24 %, and 26 % respectively.
Additionally, we compared our model’s predictions with average household income data at the census block
group level to elucidate its strengths and limitations. Experimental results demonstrated the efficacy of using
geo-tagged street view images for predicting urban wealthiness across diverse geographic and environmental
contexts. Our findings also highlight the importance of integrating both quantitative and qualitative evaluations
in the prediction of urban environmental factors. By synthesizing human perceptions with advanced deep
learning techniques, our approach offers a nuanced understanding of urban wealthiness, providing valuable
insights for urban planning and development strategies.

1. Introduction

also reflects the impact of the urban area on the broader environments,
including education (Fang, 2018), public health (Foundation, R.W.J,

Wealthiness, often correlated with other socioeconomic factors, is an 2018), and social cohesion (Kawachi & Kennedy, 1997). As such, un-
important indicator in determining the quality of life in urban areas. It derstanding the wealthiness of an urban area can provide valuable
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insights for urban planning and development. Recent studies have
shown that wealth inequality has become increasingly concentrated in
specific regions, with spatial wealth disparities growing nearly twice as
much as income disparities since 1970 (Suss et al., 2024).

Recent advancements in urban studies, especially in computing and
machine learning, have transformed our understanding of urban dy-
namics in several ways. These technologies, integrating data from
remote sensing images with spatial big data from geotagged search en-
gines and social media platforms, have greatly enhanced the analysis
and interpretation of urban environments, offering a new perspective for
sustainable urban planning and development (Yu & Fang, 2023).

However, measuring the wealthiness of urban areas is a complex task
requiring a solid understanding of multiple factors (e.g., household in-
come and house price) that can contribute to the livability and sus-
tainability of cities. The existing approaches for measuring wealthiness
often encounter various constraints. First, most studies used spatially
aggregated datasets, such as census data (MacDonald, 2014), to provide
a general indication of the wealthiness (e.g., median household income)
of a land parcel. Such a method is limited by a coarse-grained resolution
(e.g., at a census block level) due to spatial aggregation, and thus is not
able to accurately reflect the wealthiness of individual neighborhoods or
communities within the same census unit, in which the spatial hetero-
geneity cannot be represented. This limitation has become more pro-
nounced following the COVID-19 pandemic, which has exacerbated
existing wealth inequalities and created new patterns of spatial eco-
nomic distribution (Ferreira, 2021; Raphael & Schneider, 2023). While
models based on aggregated data offer valuable insights, they often lack
the resolution to capture nuanced variations within urban landscapes
effectively. Enhancing these models is crucial for more precise and
localized urban analysis. Additionally, the use of aggregated spatial
units inherently triggers the well-known modifiable area unit problem
(MAUP) (Nelson & Brewer, 2015).

Recent methods have started incorporating diverse data sources such
as social media and remote sensing images for wealth prediction to
overcome these limitations Taubenbock et al., 2018). Second, alterna-
tive methods have been employed using novel big data datasets, such as
social media data (Blumenstock et al., 2015; Fatehkia et al., 2020;
Indaco, 2020), restaurant data (Dong et al., 2019) or remote sensing
images (Lin et al., 2021; Yeh et al., 2020), to predict wealthiness. These
methods, while innovative, often lack the direct visual context of urban
environments, crucial for a holistic understanding of urban wealthiness.
Correspondingly, these approaches may not fully incorporate the
geographic and environmental factors or visual features that are
essential for accurately representing and learning wealthiness, leading
to lower performance in their prediction models. This shortfall presents
a compelling case for developing methodologies that more accurately
mirror the complex reality of urban areas.

Factors such as the visual appearance of properties or the built
environmental perceptions from residents and workers in the area, can
significantly contribute to the prediction of the wealthiness of a neigh-
borhood. Research indicates that leveraging visual cues from urban
imagery, such as street-level photographs, can yield insights that com-
plement traditional socioeconomic data (Suel et al., 2023b). The
importance of such factors is underscored by their potential application
in urban planning, real estate market analysis, and social policy
formulation. In fact, the visual appearance of properties serves as a
tangible representation of their quality, aesthetics, and overall value.
This visual aspect is not only crucial for understanding current urban
landscapes but also for predicting future trends and developments in
urban areas. High-end neighborhoods often exhibit visually appealing
properties with well-maintained landscapes, architectural elegance, and
upscale amenities (Salesses et al., 2013). Conversely, lower-income
areas may have properties with visible signs of neglect, limited main-
tenance, and fewer aesthetic enhancements (Sampson & Raudenbush,
2004). Thus, enhancing existing models to integrate these visual cues
becomes crucial for a more nuanced and actionable understanding of
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urban wealthiness. The visual appearance of properties and perceptions
of the built environment also play a key role in revealing the social
dynamics and neighborhood characteristics that influence wealthiness
patterns. The influence of upscale retail establishments, well-designed
public spaces, or exclusive amenities on perceptions of affluence and
property values is substantiated by research (Qin et al., 2019). By
incorporating these aspects, wealthiness prediction models can more
accurately reflect the broader socioeconomic context and its impact on
urban wealthiness distribution.

Despite recent advancements (Blumenstock et al., 2015; Fatehkia
et al., 2020; Indaco, 2020), a gap remains in capturing the granular,
human-scale perspective essential for a comprehensive understanding of
urban wealthiness. In response, this paper proposes a novel approach to
predict the wealthiness of urban environments at the most fine-grained
level (i.e., the specific locations of images), by using geo-tagged street
view images as the input for deep learning models. Under this context,
street view imagery offers unique advantages by providing a more direct
and tangible representation of the urban environment that captures
details like property aesthetics, maintenance, and public amenities that
are pivotal in assessing wealthiness (Biljecki & Ito, 2021a). In particular,
this modeling process can be considered as the simulation of human
perception within urban built environments (Piga & Morello, 2015),
aiming to offer a more nuanced and sophisticated understanding of the
street-view scene by incorporating human perception into the mea-
surement process. To construct model training samples and ground truth
data, we utilized the Place Pulse 2.0 dataset (Salesses & Hidalgo, 2020),
which provides geo-tagged street view images and comparative
wealthiness votes. Traditionally, the TrueSkill Rating System is used to
rank players in competitive games based on win-loss records, where
each player’s skill score is updated after every match. While TrueSkill
effectively handles uncertainty in rankings through a Bayesian frame-
work, it has notable limitations when applied to wealthiness prediction
in neighborhoods. Specifically, it does not account for temporal changes
in urban environments, where wealthiness dynamics can shift over time,
nor does it consider spatial relationships between nearby neighbor-
hoods, which can significantly influence wealthiness distribution. To
enhance model performance, we modified the TrueSkill Rating System
by incorporating temporal decay, which reduces the weight of older
comparison pairs to account for rapid urban development; and spatial
autocorrelation, which lessens the influence of comparisons between
nearby locations to prevent inaccuracies when voters may fail to
distinguish minor differences in wealthiness. This modification
improved the normality of wealthiness score distribution and led to
consistent performance improvements across different models.

Furthermore, we incorporated a Multi-gate Mixture-of-Experts
(MMOE) model into our classification framework that categorizes and
predicts the wealthiness of specific geo-locations into three categories:
Impoverished, Middle, and Affluent. It is a machine learning architec-
ture used primarily in multi-task learning by dynamically selecting
expert networks for each task. The proposed MMOE model utilizes five
expert networks and three task-specific gate networks to dynamically
select relevant features for each wealthiness category, thereby
enhancing classification performance and achieving more balanced and
improved accuracy across all three wealthiness categories. The proposed
model was compared with widely-used vision models, including Swin
Transformer (Liu et al., 2021), ViT (Dosovitskiy et al., 2020) and
ResNet52 (He et al., 2016). Using the modified TrueSkill scores as input
data, MMOE significantly outperformed other models, achieving sub-
stantial improvements in overall accuracy. To further evaluate the
generalizability of the proposed model, it was then trained using images
from New York City (NYC), and subsequently tested on images from
Boston and Los Angeles (LA). Furthermore, we explored the correlation
between our point-based prediction results and the aggregated median
household income by census block group to evaluate and analyze their
matching level. Finally, we performed a qualitative evaluation of our
prediction results based on visual interpretation of the images as well as
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a quantitative examination by computing the average predicted
wealthiness values within a certain radius for different land use types.
This is to verify whether our model truly understands the built envi-
ronment of images in a human-like manner and predicts accurate
wealthiness scores.

To sum up, our main contributions include:

e First, we introduce a novel approach to assess neighborhood
wealthiness in urban environments by leveraging deep learning
techniques that simulate human perception from street view imag-
ery. The proposed deep learning-based model can effectively incor-
porate visual features derived from street view imagery with strong
generalizability, ultimately contributing to the improved measure-
ment and understanding of wealthiness distribution in
neighborhoods.

Second, we innovatively modified the TrueSkill Rating System,
adapting it to consider and incorporate temporal decay and spatial
autocorrelation factors. These modifications allow the model to
generate more accurate wealthiness scores by considering both time-
related changes and geographic variations. This innovation is crucial
for ensuring that the wealthiness predictions better reflect the dy-
namic nature of urban environments, capturing how wealthiness
distribution evolves over time and across different locations. Our
evaluation demonstrates that the modified TrueSkill system
improved the normality of wealthiness score distribution, reducing
the standard deviation from 5.385 to 4.302 and the skewness from
—0.055 to —0.024. This enhancement led to a 5 % increase in overall
accuracy for the Swin Transformer model, from 63 % to 68 %. ViT
and ResNet50 also benefited, with increases of 4 and 5 percentage
points respectively.

Third, we implemented and adapted the MMOE model, which en-
hances the model’s ability to differentiate between wealthiness cat-
egories in a three-class (i.e., Impoverished, Middle, and Affluent)
wealthiness classification system. This innovation improves classifi-
cation performance by allowing the model to dynamically allocate
experts to different wealthiness categories based on the complexity
of the input data. When compared with other models using the
Modified TrueSkill system, the MMOE model demonstrated signifi-
cant improvements. It achieved an overall accuracy of 82 %, repre-
senting a 14 % increase over the Swin Transformer (68 %), a 24 %
increase over ViT (58 %), and a 26 % increase over ResNet50 (56 %).
Fourth, our methodology achieves the most fine-grained level of
wealthiness measurement, specifically at the point-scale spatial res-
olution. This approach contrasts with existing works and methods,
such as census block analyses, enabling us to capture the spatial
dependency and heterogeneity of wealthiness distribution within
neighborhoods more accurately. This fine granularity helps over-
come the limitations of the MAUP and reveals the nuanced spatial
patterns of wealthiness that larger-scale analyses might miss.
Finally, source codes are publicly available at https://github.com/s
cdmlab/Wealthiness_Prediction_Cities, contributing to the open
source community.

2. Related work

This literature review focuses on two aspects: (1) the application of
human perception and computer vision technology to understanding
urban environments; and (2) state-of-the-art methods for measuring
urban wealthiness and other indicators, along with their limitations.

2.1. Human perception and computer vision in urban environments

Human perception is critical in understanding and interpreting
urban environments. It involves the processing of sensory information,
such as the visual appearance of a location, which is influenced by
various factors including an individual’s cognitive and emotional state,
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past experiences, and cultural background. In recent years, computer
vision has been applied to mimic human perception in capturing and
analyzing urban environments, particularly in the context of under-
standing urban characteristics at a large scale.

Deep learning models have been trained on street view images to
estimate perceived urban attributes, such as safety, aesthetics, walk-
ability, and wealthiness (Biljecki & Ito, 2021b). These models can reveal
hidden patterns in the visual characteristics of locations that may be
challenging for human observers to detect, such as subtle variations in
architectural style or the distribution of specific visual elements within a
scene (Zhou et al., 2018). Computer vision techniques have also been
used to assess the age-friendliness of urban environments using Google
Street View images, achieving an accuracy of 85% in predictions
(Moradi et al., 2023).

Recent studies have significantly expanded the application of com-
puter vision in urban studies. (Wu et al., 2023) leveraged street view
imagery to explore the connection between human perceptions and
urban vitality in Shenzhen, China, demonstrating how visual data can be
quantitatively analyzed to assess urban vitality. Street view imagery has
been utilized to analyze the spatio-temporal evolution of urban visual
environments in Singapore, providing insights into changes in urban
aesthetics and safety perceptions over time (Liang et al., 2023). Addi-
tionally, human perceptions were extracted from street view images to
better assess urban improvement opportunities, illustrating the appli-
cation of computer vision in gauging urban renewal potentials (He et al.,
2023). Furthermore, differences in safety perceptions across neighbor-
hoods in Stockholm, Sweden, were assessed using a GeoAl approach and
survey data, highlighting the effectiveness of combining GeoAl with
traditional survey methods for a comprehensive understanding of urban
safety perceptions (Kang et al., 2023). Collectively, these studies high-
light the important role of street view imagery, analyzed through
advanced deep learning models, in enhancing our understanding of
various aspects of urban environments. By leveraging the power of deep
learning, researchers can obtain a more nuanced and sophisticated
prediction of the factors that shape human perception in urban envi-
ronments, which in turn can be valuable for informing urban planning
and development decisions (Dubey et al., 2016).

2.2. Urban wealthiness measurement

Traditional methods of measuring urban wealthiness rely on
spatially aggregated socioeconomic statistics, such as median income
(Gyourko et al., 2013) or poverty rates (Chakravorty, 1996a). However,
these approaches may not fully capture the complexity and diversity of
urban environments, especially when applied to urban regions with
different built environments and landscapes (Batty, 2021). For instance,
Abitbol and Karsai (Abitbol & Karsai, 2020) highlighted that accurately
tracking urbanization and the corresponding socioeconomic changes
has been challenging for traditional data collection methods. Despite
even using the neural networks fed with satellite images to recover the
socioeconomic information of an area, these models still lacked the
ability to explain how visual features within a sample triggered specific
predictions. Consequently, they often fail to accurately capture the
wealthiness of individual neighborhoods or communities within the
same census unit, where substantial spatial heterogeneity exists. Gao
et al. (2020) emphasize that traditional models inadequately capture the
diverse and non-uniform nature of urban dynamics, showing the
importance of spatial heterogeneity in urban simulations. Spatial het-
erogeneity refers to the variations in wealthiness distribution that occur
within localized areas, where distinct economic characteristics can exist
even between neighboring streets.

Traditional models, which often rely on aggregated data such as
median income at the census block group (CBG) level, fail to capture
these finer differences in wealthiness distribution (Chakravorty, 1996b).
This aggregation can mask important local variations in socioeconomic
conditions, leading to inaccurate predictions or a lack of detail in
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wealthiness assessments. This lack of granularity not only affects the
precision of wealthiness estimates but also limits our understanding of
how economic and social resources are distributed across urban areas.
Recognizing these patterns is crucial, as they often result in disparities in
access to infrastructure, public services, and opportunities between
wealthy and less affluent neighborhoods (Roy et al., 2023; Yang & Hu,
2022). Additionally, the use of aggregated spatial units introduces the
well-documented MAUP challenge (Nelson & Brewer, 2015). By incor-
porating spatial heterogeneity, our approach captures wealthiness at a
more detailed, point-scale level and highlights the spatial dynamics
contributing to inequality. This fine-grained model, leveraging street
view imagery and human perception, offers a more nuanced and so-
phisticated understanding of wealthiness distribution. It also provides
urban planners and policymakers with the insights needed to develop
tailored interventions that effectively address localized socioeconomic
challenges and promote more equitable urban development (Nicoletti
et al., 2022).

In fact, recent research has shown the potential of using street view
imagery as a data source to complement traditional socioeconomic in-
dicators for predicting urban environmental factors (Glaeser et al.,
2016). For instance, Naik et al. (2014) developed a model called
Streetscore based on Google Street View images to predict the perceived
safety of a location. The model was trained on a dataset of images
collected from New York City and Boston, and its generalizability was
tested on 27 cities across the United States. In particular, the utilization
of deep learning techniques enables the models to uncover the hidden
patterns of the imagery data that are beyond human perception (Fintz
et al., 2022; Kononenko & Kukar, 2007). Such learning outcomes can
add more value to urban planning and development, bringing new op-
portunities to improve quantitative research in the measurement of
urban environments. For example, a data-driven deep learning model is
proposed to estimate six human perceptual indicators (i.e., safe, lively,
beautiful, wealthy, depressing, and boring) in urban regions (Zhang
et al., 2018). The proposed model was trained by millions of human
ratings on street-level images, and can predict these indicators with a
high accuracy rate of about 80%. The authors suggested that this model
could be used to analyze the distribution of city-wide human perception
for various urban regions. Additionally, the authors conducted a series
of statistical analyses to identify visual elements that are positively or
negatively correlated with each of the six perceptual indicators, shed-
ding light on how different visual features contribute to people’s per-
ceptions of a place.

While substantial progress has been made using street view imagery
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to examine urban factors, key limitations persist. Prior models, such as
convolutional neural network (CNN) and ResNet architectures (Zhang
et al., 2018), can not effectively integrate human perception, limiting
their ability to understand and predict wealthiness in a way that aligns
with human perspectives. Furthermore, these works often estimate a
wide range of perceptual indicators (e.g., safety, livability) with
wealthiness being only one of the indicators to examine urban envi-
ronments, offering a broader but less focused discussion and insights for
urban wealthiness. This work, by contrast, concentrates on the wealth-
iness aspect using the MMOE architecture, with Swin Transformer
serving as the feature extractor, providing a deeper, more nuanced un-
derstanding and interpretation of urban wealthiness, thus filling a sig-
nificant gap in the specialized analysis of this particular dimension.
Finally, prior approaches could only classify the perceptual indicator of
an image into a binary class, e.g., wealthy or non-wealthy. However, the
work provides a solution for multi-class categorization of urban
wealthiness.

3. Methodology

This section elaborates on the workflow for classifying street view
images for wealthiness prediction (Fig. 1). First, the workflow begins
with data collection, gathering images and scores from the Place Pulse
2.0 dataset (Salesses & Hidalgo, 2020). Next, data pre-processing tech-
niques, including the Contrast Limited Adaptive Histogram Equalization
(CLAHE) (Pizer et al., 1990), are applied to the street view images to
enhance image visibility, before feeding them into the proposed pre-
diction model. In particular, both the original TrueSkill Rating System
(Microsoft, 2005) for assigning wealthiness scores and our modified
version of TrueSkill Rating System will be introduced, alongside the
MMOE model design.

3.1. Data collection and transformation

Approximately 110, 000 street images were collected from the public
dataset Place Pulse 2.0, each geo-tagged with precise coordinates. Vol-
unteers provided wealthiness comparison results for pairs of images,
allowing us to collect ordinal data reflecting public perceptions of urban
wealthiness. These comparisons, though subjective and qualitative,
were transformed into quantifiable wealthiness scores using a modified
version of the TrueSkill Rating System.

Mean, Std Deyv,
Skewness, Kurtosis

Performance Mean, Standard '
Evaluation Deviation, E
Skewness, Kurtosis 1

Result Analysis Spatial Distribution &
Census Comparison

Model Feature heatmap
Interpretability with GradCam

Model Cross-City
Generalizab; Evaluation

Fig. 1. The workflow of classifying and evaluating street view images for wealthiness prediction.



Y. Qiu et al.

3.1.1. Spatial-temporally enhanced TrueSkill system for image wealthiness
rating

The original TrueSkill system, developed for competitive gaming,
computes rankings based on pairwise comparisons without considering
the time of the comparisons made by voters, as well as the location of
images being compared. However, the dynamic and geographically
dependent nature of urban environments makes the standard TrueSkill
unsuitable for this study. Over time, neighborhoods evolve due to so-
cioeconomic changes, and nearby areas tend to share similar charac-
teristics due to spatial autocorrelation. Ignoring these factors can lead to
outdated or geographically inconsistent wealthiness scores. To address
the limitations of the standard TrueSkill algorithm, we consider both
temporal decay and spatial autocorrelation into the algorithm
enhancement.

3.1.1.1. Spatial influence. In urban environments, nearby locations
often share similar socioeconomic characteristics, and the perceived
wealthiness differences between neighboring areas should not be sub-
stantial if the images represent points within close proximity (e.g.,
within 1 km). Large discrepancies in wealthiness scores for such close
locations might result from subjective judgments by voters or from non-
representative photos, such as poorly captured images. The standard
TrueSkill system does not account for geographic proximity and only
updates scores based on the voting results. If two images represent
geographically close locations but have significantly different scores,
this discrepancy is likely unreasonable and may reflect inconsistencies in
the voting process rather than actual differences in wealthiness.

Thus, introducing a spatial influence factor is necessary to prevent
wealthiness scores for nearby locations from diverging excessively. To
address this, we reduce the impact of votes between images of
geographically close locations by weakening the influence of their
comparisons, which prevents overfitting based on subtle, often non-
meaningful differences. Conversely, for locations that are farther
apart, where real socioeconomic differences are more likely to exist, the
system retains and trusts the voting results more.

The goal here is to leverage street-level images to make more precise
predictions about the wealthiness of a specific location, without solely
relying on traditional Census Block Group (CBG)-based data. At the
same time, we aim to consider the socioeconomic homogeneity often
expected in urban environments. This approach allows us to capture
more detailed and dynamic variations in urban areas, while still ac-
counting for the general consistency of nearby locations.

The choice of a 1 km distance threshold is based on several findings
in spatial autocorrelation studies. In urban settings, spatial autocorre-
lation—the tendency for nearby locations to have similar character-
istics—often stabilizes around 1 km. For instance, Cai and Wang (2006)
found that spatial autocorrelation in topographic indices tends to sta-
bilize beyond 1 km, indicating that areas within this distance are more
likely to share socioeconomic similarities. Additionally, Lin et al. (2020)
used a 1 km grid in their study on urban land use changes, and Hansen
et al. (2000) demonstrated that a 1 km spatial resolution is effective for
global land cover classification, which highlights the utility of this dis-
tance in capturing local variations.

We define the spatial influence factor as f(d) = 1— e3¢ This
function increases the spatial influence factor as the distance d (the
distance between two points) increases, ensuring that comparisons be-
tween distant locations (e.g., beyond 1 km) have a stronger influence on
updating their scores. For example, when d = 1, f(1) = 0.95, meaning
that spatial influence is substantial, and the system allows for more
variation in scores between these points. However, when d < 1 km, f(d)
decreases rapidly. This rapid decrease ensures that nearby locations,
which are more likely to share similar socioeconomic characteristics,
have less variation in their scores, as the differences might not be
genuine or substantial. This approach helps maintain spatial consistency
by minimizing unrealistic variations among proximate locations while
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trusting and incorporating more reliable differences from distant
comparisons.

The choice of k = 3 balances the rapid increase in spatial influence
when d is small and allows for sufficient divergence when d > 1. A
smaller k would lead to slower growth, reducing the distinction between
proximate and distant locations, while a larger k would cause too abrupt
of a change, potentially neglecting genuine differences at slightly
greater distances. In this setting, k = 3 was experimentally chosen to
ensure a balance between nearby convergence and allowing distant
comparisons to meaningfully update scores. This ensures that locations
closer than 1 km have quickly diminishing differences in their scores,
which aligns with the expected socioeconomic homogeneity in urban
settings. Meanwhile, distances beyond 1 km see more substantial dif-
ferences, reflecting real-world spatial-economic variations.

3.1.1.2. Temporal decay. Urban environments change over time, and a
wealthiness comparison made several years ago might no longer be
valid. Based on the dataset, the time span between the earliest and latest
votes is approximately eight years. To address this, we apply a temporal

decay factor, A(t) = eiln(z)ﬁ, where t is the time difference in years, and
Thar = 4 years. This ensures that older comparisons have diminishing
influence on the current wealthiness score.

The updated TrueSkill equations incorporate both temporal and
spatial factors to better reflect the fluidity of urban environments. The
following equations are used, with modifications highlighted in red
bold:

€
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2 _
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Here, % captures the inherent randomness in perceptions, and ¢ is a
tunable parameter representing the draw margin, accounting for the
possibility of ties in the comparisons. Additionally, the Temporal Decay

o
Factor, A(t) = eil"(z)Thau’, where t is the time difference in years and

Thar = 4 years, reduces the influence of past performances as time pro-
gresses. The Partial Influence Factor, f(d) = 1 — e 39, increases as the
distance d (the distance between two points) increases, measuring the
impact of spatial distance on the score updates.

3.1.2. Wealthiness classification

Once the wealthiness scores are computed, we classify the images
into three categories—impoverished, middle, and affluent—based on
the mean wealthiness score y and variance o. The classification function
is defined as follows:

impoverished if score < u — s-0,
flx] = affluent if score > y + s-0,
middle otherwise.

Here, s € [0,1] is an adjustable factor that controls the interval be-
tween the categories. For example, setting s = 0 simplifies the classifi-
cation into two categories—impoverished and affluent—while higher
values of s create a larger middle category. The sensitivity of s will be
evaluated in Section 5.1 Performance Evaluation.

3.2. Data pre-processing

To extract useful information from street view images, the
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importance of contrast between depicted objects cannot be overstated.
For example, the contrast between the bright sky and the dark shadows
cast by buildings can vary significantly (Menzel & Reese, 2021). To
enhance the visibility of such details, contrast-adjusting algorithms
prove to be effective. In addition, images captured by vehicle-mounted
cameras are often susceptible to issues like overexposure and underex-
posure. Moreover, the inherently varied and dynamic composition of
street view images, encompassing a broad spectrum of elements like
fluctuating lighting conditions, prominent shadows, and unpredictable
occlusions, often culminates in a pronounced inconsistency of contrast.
This irregularity is not merely a superficial concern; it fundamentally
hampers the interpretability of these images. These disparities pose
significant challenges in maintaining consistent contrast across the
entire image, which is crucial for accurate analysis and application in
urban wealthiness prediction.

To rectify these issues, contrast-adjusting algorithms can be lever-
aged to equalize the contrast across the entire image. Such a uniform
enhancement of contrast contributes to an overall quality improvement
of the image, enabling more precise predictions from the model. An
optimized contrast ensures that vital elements within an image, such as
street signs, pedestrians, or vehicle details, are accurately captured and
discernible, thereby equipping our model with comprehensive and
precise information for reliable predictions (Shokrollahi et al., 2017).

To effectively adjust the contrast of the street view images, this study
used the CLAHE method (Pizer et al., 1990), a variation of Adaptive
Histogram Equalization (AHE) (Wikipedia contributors, 2022) that was
first introduced by Karel Zuiderveld in 1994 (More et al., 2015; Zui-
derveld, 1994). The main idea behind CLAHE is to enhance the local
contrast of an image by dividing it into small, non-overlapping regions
called tiles, and applying AHE to each tile independently. This approach
overcomes the limitations of global histogram equalization, which may
amplify noise and create false boundaries. As a result, it has showcased
robust and advantageous functionality across diverse applications (Kim
et al., 2016; Laksmi et al., 2016; Sundaram et al., 2011).

The CLAHE algorithm is defined by two parameters: the block size
(BS) and the clip limit (CL). The block size determines the size of the

gray

Grayscale equalized
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tiles, while the clip limit controls contrast enhancement by restricting
histogram amplification. A larger block size results in a higher dynamic
range and increased image contrast, while a larger clip limit makes the
image brighter. This study used a block size of 8 x 8 and a clip limit of 2,
which produced subjectively good image quality based on image en-
tropy (Fig. 2).

3.3. Model architecture - from single-task models to multi-task learning

3.3.1. Single-task attention-based models for wealthiness prediction

With a focus on wealthiness categorization, our task is framed as an
image classification problem. Previous studies (e.g., (Naik et al., 2014))
mostly utilized traditional computer vision techniques, such as Histo-
gram of Oriented Gradients (HOG) and Scale-Invariant Feature Trans-
form (SIFT), followed by classification with a machine learning model
(e.g., Support Vector Machine (SVM)). HOG (Tomasi, 2012) is a feature
descriptor capturing the local shape of an image, while SIFT (Lowe,
2004) detects and describes local features within an image. Although
these techniques have found widespread use in computer vision appli-
cations, they struggle to handle large, complex datasets due to the lack
of a self-attention mechanism.

Self-attention mechanisms empower a model to comprehend the
relationships between all input elements simultaneously (Niu et al.,
2021a), which stands in contrast to the sequential or hierarchical pro-
cessing typically employed by CNNs. This capability provides two pri-
mary advantages over conventional convolutional approaches: the
ability to capture long-range dependencies and the adaptability to
varying spatial resolutions. Long-range dependencies allow a model to
recognize patterns and relationships across distant elements in the input
by enabling models to determine the importance of different parts of the
input relative to each other (Vaswani et al., 2017). As a result, models
with self-attention mechanisms like the Swin Transformer can effec-
tively capture and process these long-range dependencies, which are
often a challenge for traditional computer vision methods like CNNs
(Niu et al., 2021b). In addition, self-attention mechanisms can adapt to
different spatial resolutions, thereby eliminating the need for specific
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image preprocessing or alterations to the model’s structure. This feature
makes them more scalable and adaptable compared to CNN-based
models, which often demand specialized architectures or adjustments
to handle varying input resolutions (Ramachandran et al., 2019).
Consequently, self-attention-based models can be deployed for a wide
array of tasks and datasets, enabling their application in a diverse range
of fields (Guo et al., 2022).

To enhance the capabilities of our image classification model for
wealthiness prediction, we capitalized on the advancements in deep
learning by selecting a model based on the Transformer architecture.
This technology, initially developed for time-series data, has been
adeptly adapted for vision tasks through careful design modifications in
preprocessing and structuring of the input images, as described by
(Dosovitskiy et al., 2020). However, the pioneering Vision Transformer
(ViT) model, while innovative in its application of self-attention mech-
anisms traditionally used in natural language processing, encountered
challenges, notably in processing images of varying scales which often
leads to suboptimal performance with high-resolution images, and
maintaining computational efficiency, as detailed by (Touvron et al.,
2012). Additionally, due to its design of applying self-attention over the
entire image, the model demanded high computational resources,
especially for larger images.

In response to the challenges posed by the ViT in processing images
of varying scales and its high computational demands, we opted for the
Swin Transformer (large-sized model with a large number of hyper-
parameters) (Liu et al., 2021) for our classification task. This model, pre-
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trained on the extensive ImageNet-21 k dataset containing approxi-
mately 14 million images across 21,841 categories and optimized for a
resolution of 384 x 384, introduces a ground-breaking approach to
image classification. By employing shifted windows for localized
computation, the Swin Transformer facilitates a hierarchical represen-
tation of data. This innovation significantly enhances the model’s pro-
cessing efficiency, making it exceptionally capable of handling the
complex and diverse visual information essential for accurate urban
wealthiness prediction. Moreover, the Swin Transformer retains the core
advantages of the standard Transformer architecture, such as capturing
long-range dependencies and adaptability to various spatial resolutions.
Its hierarchical design also specifically addresses the limitations of the
ViT, enabling more efficient processing of different image scales and
reducing computational demands. This makes the Swin Transformer
particularly effective for high-resolution images, overcoming some of
the key challenges encountered with the original ViT model.

3.3.2. Multi-task learning for enhanced multi-class classification

We anticipated that the “middle” class would be challenging to
predict due to overlapping features with both the “impoverished” and
“affluent” categories. This overlapping nature often results in mis-
classifications and ambiguous decision boundaries, reducing the
model’s overall effectiveness. To address this issue, we applied the
Multi-gate Mixture-of-Experts (MMOE) model, originally proposed by
Ma et al. (2018), into our classification framework. MMOE is a multi-
task learning architecture that incorporates several expert networks
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Fig. 3. The architecture of the MMOE model, showing expert networks and task-specific gate networks.
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and task-specific gate networks, each designed to dynamically select the
relevant experts based on the specific task. In our case, the three tasks
involve classifying images into ‘impoverished,” ‘middle,” and ‘affluent’
categories. This architecture allows the model to benefit from shared
knowledge across tasks while enabling each task to specialize and learn
distinct features relevant to its classification problem.

The MMOE model in our implementation consists of five expert
networks, though for simplicity, our diagram (Fig. 3) shows three with
an ellipsis indicating the full set. The expert networks in MMOE are a set
of shared neural networks that process the same input but learn to
specialize in different aspects of the data, capturing diverse patterns.
Each expert network receives the input features extracted from the SWIN
Transformer and processes them through two fully connected layers
with a ReLU activation in between. These experts provide a rich set of
features that are dynamically weighted by the gate networks. Each of the
three task-specific gate networks selects relevant outputs from the ex-
perts by assigning different weights to each expert based on the input
features. This dynamic selection mechanism allows the model to focus
on task-specific information, reducing the overlap and confusion be-
tween the “middle” class and the other categories.

Following the gate networks, we implement task-specific towers.
These towers, one for each task, are implemented as feed-forward neural
networks (FFNs). Each tower consists of a fully connected layer that
outputs two values, representing the binary classification for each task
(e.g., ‘impoverished vs. rest’, ‘middle vs. rest’, ‘affluent vs. rest’). These
FFNs further process the gated expert outputs to produce task-specific
binary representations. This additional layer of task-specific process-
ing enhances the model’s ability to capture nuanced features relevant to
each classification task, allowing for fine-tuned discrimination between
the “impoverished,” “middle,” and “affluent” categories.

In particular, the MMOE model addresses the challenge of class
overlap by enabling more granular feature extraction through the expert
networks and selecting the most relevant features for each task using the
gate networks. The “middle” class often shares characteristics with both
the “impoverished” and “affluent” classes, making it difficult for a
traditional model to separate these classes clearly. By leveraging mul-
tiple experts and dynamically adjusting their contributions, MMOE al-
lows the model to better differentiate between overlapping features,
thus improving the classification of the “middle” category.

The fusion of the task outputs in MMOE is critical to ensure its suc-
cess. Each task produces a binary output indicating the likelihood that
the input belongs to its respective class. These outputs are then com-
bined and normalized to form a final three-class prediction. We first
apply a sigmoid function to each task’s binary output to obtain task-
specific probabilities. Then, we employ another softmax normalization
over the positive class probabilities of the three tasks to generate a final
probability distribution over the three classes. This two-step process
ensures that the model produces a valid probability distribution, which
is then used to select the final predicted class based on the highest
probability. This fusion process allows the model to combine the evi-
dence from each task and weigh the likelihood of each class appropri-
ately, leading to more accurate final predictions.

To ensure consistency during training, we use Binary Cross-Entropy
with Logits Loss for each task’s binary output. These individual task
losses are then combined to form the overall loss used to optimize the
model performance. During evaluation, the normalized probabilities
were used to compute the accuracy and Fl-score based on the final
predicted class. This approach allowed us to handle the overlapping
features between classes while maintaining accurate and stable classi-
fication performance.

The use of MMOE in this experiment provides several key advan-
tages. First, it enables the model to separate overlapping classes more
effectively by dynamically selecting relevant features for each task.
Second, the expert networks allow for diverse feature extraction, while
the gate networks specialize the outputs for each task. Finally, the fusion
of outputs from the binary classification tasks into a final multi-class
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prediction ensures that the model can handle the ambiguity and over-
lap between the “middle” class and other classes. This architecture
proved to be a valuable addition to the classification pipeline, improving
the model’s ability to distinguish between the impoverished, middle,
and affluent categories.

The MMOE model was trained under the same conditions as other
models, using the AdamW optimizer with the same learning rate and
incorporating data augmentation techniques such as random-
perspective transformation. By integrating MMOE into our model, we
were able to significantly improve the classification accuracy and
address the challenges posed by the overlapping features in our dataset.

3.4. Loss function

Addressing the complexity of classifying images into three cate-
gories, namely “impoverished”, “middle”, and “affluent”, we interpret
the task as a multi-class classification problem. For such problems, the
cross-entropy loss function serves as an ideal objective function for
optimization.

N C
L=— Z Zyiclog<pic>

i=1 c=1

where N represents the number of images, C denotes the number of
classes, y; € 0,1 are the one-hot encoded labels, and p;. signifies the
probability that the i-th image is predicted to be in class c.

However, to counteract the issue of class imbalance, we incorporated
class weights into the loss function, enhancing the training process’s
effectiveness. Class imbalance can often lead to a biased model that
overlooks minority classes. The weighted cross-entropy loss function
takes the form:

N C
L= - Z chyiclog<pic>

i=1 c=1

where w, denotes the weight assigned to class c, inversely proportional
to the class frequency. By adjusting these weights, we can ensure a
balanced contribution of each class to the total loss, leading to a more
robust and reliable model.

4. Experiment design

This study first performed a classification experiment involving three
categories, including impoverished, middle, and affluent. However, the
three-class experiment results revealed substantial challenges in differ-
entiating the “middle” class from both the “impoverished” and
“affluent” categories due to overlapping features present in the images.
To further evaluate the effectiveness of the proposed model, we then
excluded the “middle” class, transforming the task into a binary classi-
fication problem by predicting each image as an “impoverished” or
“affluent” category only.

4.1. Experiment setup

For our study, we utilized gradient accumulation (Hermans et al.,
2017) to train our model. This technique enables the accumulation of
gradients from multiple mini-batches before applying the weight up-
date. This approach facilitates the use of larger batch-size updates,
contributing to improved model convergence and accelerated training.
We set the gradient accumulation steps to 3 in our study, which means
that gradients from three mini-batches were accumulated before
updating the weights. The adoption of gradient accumulation improved
our model’s performance and reduced memory usage during the
training phase.

For model evaluation, we divided our dataset into three sections:
80% for training, and 10% each for both validation and testing. To assess
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the model’s generalizability, we trained it on images from New York,
and tested it on datasets from Boston and Los Angeles.

Table 1 provides a detailed split of the dataset, showing the total
count of the data, the distribution across impoverished, middle, and
affluent categories, and the division of the data into training, validation,
and testing sets. It is worth noting that while the New York dataset was
used for training, datasets from Boston and LA were exclusively used for
testing the model’s performance.

To address the issue of class imbalance in the dataset, we imple-
mented the Weighted Random Sampler (WRS) from the PyTorch library
(Paszke et al., 2019). The sampler generates indices based on the inverse
class frequencies, which are used to draw samples during the training
process. This ensures that all classes have the same chance of being
selected for a mini-batch, thereby reducing the bias towards the majority
class. By using WRS, we could provide a balanced view of our classes
despite the initial imbalance in our dataset.

In the context of data augmentation, we conducted a comprehensive
analysis of various techniques designed to encompass the heterogeneous
visual characteristics observed in urban environments. Among these
methods, the random-perspective transformation was found to be
particularly effective. This data augmentation technique modifies the
perspective from which an image is viewed, thereby introducing vari-
ance and simulating how an image might appear when captured from
different angles or elevations. Such transformational manipulation
effectively enriches our dataset by replicating the complexity and vari-
ability inherent in urban landscapes. When applied to our image clas-
sification task, the random-perspective transformation demonstrated
remarkable performance. It adeptly handled the diverse range of visual
features characteristic of urban environments, from towering sky-
scrapers to labyrinthine roadways. By providing a more nuanced and
comprehensive representation of these features, it greatly improved our
model’s capacity for accurate image recognition and categorization.

We trained for 100 epochs using the AdamW optimizer (Loshchilov
& Hutter, 2017) with a learning rate of 5e~°, using a warm-up mecha-
nism (Goyal et al., 2017) to adjust the learning rate dynamically. We
also utilized Grad-CAM (Selvaraju et al., 2016) to visualize which areas
of the images were most important for the model’s predictions, gener-
ating heatmaps from the CNN gradient information.

4.2. Evaluation

The effectiveness of the enhanced TrueSkill system was evaluated
through multiple approaches. First, we compared the statistical prop-
erties of the wealthiness score distributions before and after the modi-
fication, focusing on measures of normality, standard deviation, and
skewness. Second, we analyzed Q-Q plots to visually examine the
normality of the original and modified TrueSkill scores. Finally, we
conducted performance comparisons across different models using both
the original and modified TrueSkill scores to assess the impact on model
performance. In order to evaluate the effectiveness of our proposed
MMOE model, we compared it with Swin Transformer, and two addi-
tional benchmark models, including ResNet50 and ViT, for comparative
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as a notable contender in the domain. Recognized as the first trans-
former model to show exemplary performance on image classification
tasks, ViT establishes a rigorous standard for applying transformer ar-
chitectures to visual data processing.

Our evaluation uses three key metrics: precision, recall, and F1-
score. Precision measures the proportion of correct positive pre-
dictions, while recall captures the model’s ability to identify all relevant
positive cases. The Fl-score, as the harmonic mean of precision and
recall, provides a balanced evaluation, especially for imbalanced class
distributions.”

The MMOE model, which we applied to our classification frame-
work, was evaluated using the same metrics. MMOE is expected to
provide enhanced performance by dynamically selecting relevant fea-
tures for each classification task, addressing the overlap between the
“impoverished,” “middle,” and “affluent” categories. This dynamic
expert selection ensures that the model can learn distinct features for
each class, significantly reducing confusion between classes. For the
three-class task, we performed an evaluation at s = 1.0 to capture the
model’s full potential in separating these categories.

5. Results
5.1. Comparison of original and modified TrueSkill scores

Our modified TrueSkill algorithm demonstrates significant im-
provements over the original version, as evidenced by key statistical
measures and graphical analysis:

As shown in Table 2, while the mean remains constant, our modified
algorithm reduces the standard deviation, indicating a more concen-
trated distribution. The skewness and kurtosis values of the modified
scores are closer to zero, suggesting a distribution that more closely
approximates a normal distribution.

Fig. 4 visually demonstrates the difference in score distributions
between the original TrueSkill algorithm and our modified version. The
modified distribution exhibits a more symmetrical and concentrated
shape, aligning with the improved statistical measures.

Furthermore, the Q-Q plots (Fig. 5) visually confirm the improved
normality of our modified TrueSkill scores. The modified algorithm’s Q-
Q plot shows points adhering more closely to the theoretical normal
distribution line, particularly at the tails, indicating a better fit to
normality compared to the original TrueSkill scores.

These improvements in statistical properties and distribution
normality suggest that our modified TrueSkill algorithm provides a more
reliable and statistically sound basis for wealthiness estimation from
street view images. The reduction in standard deviation and the closer
adherence to normality in both the distribution and Q-Q plots indicate
that our modifications have successfully addressed some of the

Table 2
Comparison of statistical measures between original and modified TrueSkill
scores.

L . Metric Original TrueSkill Modified TrueSkill
assessment. These models were selected due to their significant standing
and widespread application in computer vision tasks. ResNet50, with its Mean 25.785 25.785
k K - T ’ Standard Deviation 5.385 4.302
use of residual connections to address vanishing gradients, has been a Skewness _0.055 _0.024
cornerstone in computer vision. This model offers a solid reference for Kurtosis -0.520 -0.476
the performance of CNN architectures. Subsequently, ViT has emerged
Table 1
Dataset Distribution and Split for Model Training and Testing (s = 1).
Datasets Count Impoverished Middle Affluent Training Validation Test
Overall Performance Global 111,390 18,890 73,676 18,824 89,112 11,139 11,139
Model Generalizability New York 3396 617 2174 605 2716 340 340
LA 482 47 290 145 0 0 482
Boston 1333 233 881 219 0 0 1333
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Fig. 5. Q-Q plots comparing original (left) and modified (right) TrueSkill score distributions.

limitations of the original TrueSkill algorithm in the context of urban
wealthiness assessment.

5.2. Performance evaluation

Table 3 illustrates a performance comparison between three-class
classification models: the proposed MMOE and the benchmark models
(Swin Transformer, ResNet50 and ViT). The comparison focused on the
threshold s =1.0 to evaluate the model’s ability to separate the
“impoverished,” “middle,” and “affluent” categories in a clear-cut sce-
nario. The results indicated that all models faced challenges in differ-
entiating the “middle” category from the other two, a result of
overlapping visual features commonly present in urban landscapes.
However, MMOE demonstrated a clear performance advantage due to its
dynamic expert network, achieving significantly better precision, recall,
and F1-score.

The MMOE model clearly outperforms the other models across all
metrics. The dynamic expert selection provided by MMOE allows it to
adaptively select features most relevant to each task, improving its
ability to handle overlapping classes such as the “middle” category. As a
result, MMOE achieves significantly higher precision, recall, and F1-
scores, especially at s = 1.0, where it records an overall accuracy
(OA) of 0.82.

10

5.3. Binary classification performance

Despite the strong performance of MMOE in the three-class classifi-
cation task, we also explored a binary classification focused solely on the
impoverished and affluent categories. This simplification allowed for
deeper analysis of class separation using techniques like Grad-CAM for
interpretability. By removing the challenging “middle” category, the
task became more defined, and the need for MMOE diminished. The
expert-selection complexity was reduced, causing MMOE to effectively
collapse into a single model, represented by the Swin Transformer.
Therefore, we excluded MMOE from further comparisons, focusing
instead on the binary performance of Swin, ViT, and ResNet50.

For binary classification, where the “middle” class was excluded, all
models showed significantly improved performance. Table 4 presents
the performance comparison, demonstrating how focusing on the binary
task allowed for better precision, recall, and F1-scores across the models.
Swin continued to outperform both ResNet50 and ViT, achieving the
highest overall accuracy (OA).

The results show that Swin outperformed both ViT and ResNet50 in
the binary classification task, achieving higher precision, recall, and F1-
scores across all categories. This performance improvement illustrates
that by focusing on the two extreme categories, the models can better
differentiate between impoverished and affluent urban landscapes,
leading to more accurate classification outcomes.

In conclusion, MOE demonstrated its strength in handling multi-class
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Table 3
Performance comparison of the proposed MMOE, Swin, ViT, and ResNet50 for 3-class classification at s = 1.0 after performance improvement.

Model Threshold Metrics Impoverished Affluent Middle Mean

Swin + Original TrueSkill s=1.0 Precision 0.39 0.32 0.68 0.46
Recall 0.33 0.27 0.78 0.46
F1-score 0.35 0.29 0.73 0.46
OA 0.63

Swin + Modified TrueSkill s=1.0 Precision 0.45 0.38 0.72 0.52
Recall 0.41 0.35 0.84 0.53
F1-score 0.43 0.36 0.77 0.52
OA 0.68

MMOE -+ Modified TrueSkill s=1.0 Precision 0.72 0.67 0.84 0.74
Recall 0.67 0.63 0.91 0.73
F1-score 0.70 0.65 0.88 0.74
OA 0.82

MMOE + Original TrueSkill s=1.0 Precision 0.62 0.57 0.75 0.65
Recall 0.59 0.52 0.78 0.63
F1-score 0.60 0.54 0.76 0.63
OA 0.70

ViT + Original TrueSkill s=1.0 Precision 0.29 0.28 0.65 0.40
Recall 0.29 0.21 0.69 0.39
F1-score 0.29 0.24 0.67 0.40
OA 0.54

ViT + Modified TrueSkill s=1.0 Precision 0.32 0.31 0.70 0.44
Recall 0.33 0.24 0.72 0.43
F1-score 0.32 0.27 0.71 0.43
OA 0.58

ResNet50 + Original TrueSkill s=1.0 Precision 0.37 0.48 0.61 0.49
Recall 0.56 0.22 0.62 0.47
F1-score 0.45 0.30 0.62 0.48
OA 0.51

ResNet50 + Modified TrueSkill s=1.0 Precision 0.40 0.52 0.65 0.52
Recall 0.59 0.26 0.67 0.51
F1-score 0.48 0.35 0.66 0.50
OA 0.56

distribution.

Table 4
Performance comparison of Swin, ViT, and ResNet50 for binary classification
after improvement.

Model Threshold Metrics Impoverished Affluent Mean

Swin s=1.0 Precision 0.87 0.81 0.84
Recall 0.79 0.88 0.84
Fl-score 0.83 0.84 0.84
OA 0.82

ViT s=1.0 Precision 0.75 0.79 0.77
Recall 0.87 0.63 0.75
F1-score 0.81 0.70 0.76
OA 0.76

ResNet50 s=1.0 Precision 0.65 0.91 0.78
Recall 0.95 0.52 0.73
F1-score 0.78 0.67 0.73
OA 0.73

tasks with overlapping features, achieving the best results in three-class
classification. However, in the binary classification task, where the
challenge was simplified, Swin emerged as the most robust model,
delivering superior performance compared to ViT and ResNet50.

5.4. Result analysis

For a more streamlined and intuitive visualization, comparison and
analysis of the model performance and interpretability, we prioritized
the examination of the binary classification model over the ternary
model. Binary classification models, due to their simplicity and robust-
ness, often provide more straightforward and reliable insights than their
multiclass counterparts. Focusing on the binary model simplified the
analysis, highlighting key differences between the two classes and the
factors driving them. However, while binary classification models can
provide valuable insights, they may not capture the full spectrum of
wealthiness in urban environments. Future work could consider more
complex models to provide a more nuanced view of wealthiness

11

Fig. 6 displays the spatial distribution of the predicted images by the
binary-class Swin model in the New York City area, with images clas-
sified as affluent class shown in red and impoverished ones in green. The
results revealed that affluent-class locations were primarily clustered in
the Manhattan and Brooklyn neighborhoods, with a few scattered
throughout the Bronx, Queens, and Staten Island. These areas are
characterized by features such as higher building density and greater
urban activity, which are typical indicators of affluence in urban envi-
ronments. On the contrary, impoverished areas were more dispersed
throughout all five boroughs, with a higher concentration in the sub-
urban areas of the city. This clear visual representation of the spatial
distribution of wealthiness in NYC is useful for urban planners and
policy-makers to understand spatial dependence and heterogeneity of
wealthiness patterns.

A notable finding of our study is that most street scenes near ceme-
teries are consistently categorized as ‘impoverished’ in terms of
wealthiness. The bottom center of Fig. 6 highlights a specific cemetery as
an example. The presence of a cemetery within a community can sub-
stantially influence its perceived affluence due to its potential impacts
on local property values, real estate market dynamics, the surrounding
environment, and public health concerns (Jonker & Olivier, 2012; Tang,
2019). These intertwined factors collectively contribute to the lower
wealthiness classification of communities near cemeteries.

To further investigate this, we performed a sensitivity analysis by
varying the buffer distance around cemeteries and compared the
average wealthiness scores of street scenes within each buffer distance to
the average score of all street scenes. Our analysis revealed a trend
where the wealthiness of street scenes is more likely to be affected by the
presence of a cemetery within shorter distances, and the impact di-
minishes as the distance increases. This pattern is clearly illustrated in
plot Fig. 7), which shows the relationship between the buffer distance
and the average wealthiness score of street scenes near a cemetery. As
the distance from the cemetery increases, the average wealthiness score
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Fig. 6. Mapping of Google Street View images with binary predicted wealthiness classes with s = 1 in the study area of NYC.
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Fig. 7. Effect of buffer distance on binary scores of images near a cemetery.

approaches the overall average score for all street scenes.

5.5. Model interpretability

To decipher the decision-making process of our model, we employed
Grad-CAM (Selvaraju et al., 2016) to highlight the most influential areas
of the images in the model’s predictions. Grad-CAM is a powerful
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technique for visualizing what a deep learning model is focusing on. It
generates saliency maps by using the partial derivatives of the output
class score concerning the feature maps of the last convolutional layer in
a CNN (Selvaraju et al., 2017). This provides a measure of the impor-
tance of each feature map in making the model’s decision. Due to its
ability to shed light on the complex inner workings of CNNs—often
viewed as black boxes—Grad-CAM proves particularly insightful. It
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finds extensive use in various domains such as image classification,
object detection, and semantic segmentation.

In our study, we found that the Grad-CAM visualizations provided
valuable insights into the factors that the model used to predict the
wealthiness of a location. For example, in many cases, the Grad-CAM
heatmaps showed that the model was using visual cues such as the
presence of high buildings, large houses, villas, or well-maintained
landscapes to predict that a location was “affluent” (Fig. 11). On the
other hand, for locations that were predicted to be “impoverished”, the
Grad-CAM heatmaps often showed that the model focused on visual
characteristics such as the presence of low buildings, old cars, or over-
grown vegetation (Fig. 10).

Based on our analysis, we found that the Pearson correlation be-
tween the predictions made by our model and the household median
income by census blocks is relatively low, with a correlation coefficient
of 0.093. However, based on a further manual inspection examination of
the images (Fig. 8 and Fig. 9), our model’s predictions align better with
the human perception of urban environments. This finding suggests that
our model can effectively capture the nuances and subtleties of the
urban environments and reflect the spatial heterogeneity in the distri-
bution of wealthiness that cannot be learned by traditional spatial ag-
gregation methods.

These results suggest that our model is able to accurately use the
visual appearance of the images to predict the wealthiness of the loca-
tions depicted in the images, demonstrating the great potential of using
human perception and deep learning to improve the prediction of the
wealthiness of urban environments.

5.6. Model generalizability

To evaluate the generalizability of our proposed models, we con-
ducted experiments using the MMOE model for three-class classification
and the Swin Transformer for binary classification (Table 5). Both
models were trained on street view images from New York City (NYC)
along with their corresponding modified TrueSkill scores. We then
tested these models on images from Boston and Los Angeles (LA) to
assess their performance in distinct geographical regions.

5.6.1. East coast generalization — Boston
When generalizing to Boston, both our models demonstrated strong
performance. The MMOE model achieved an average accuracy of 75 %
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across the three classes, with scores of 0.72, 0.78, and 0.75 for the
impoverished, middle, and affluent classes respectively (Table 5). This
robust performance suggests that the model effectively captured com-
mon urban features shared between NYC and Boston, despite their
unique characteristics. The binary Swin model also performed well,
achieving an average accuracy of 73 %, further confirming the model’s
ability to transfer learning between these two East Coast cities.

5.6.2. West coast generalization - Los Angeles

In the LA scenario, our models showed slightly different patterns of
generalization. The MMOE model maintained strong performance with
an average accuracy of 68 % (0.65, 0.70, and 0.69 for impoverished,
middle, and affluent classes respectively; Table 5). While there was a
slight decrease compared to the Boston results, this performance is still
impressive given the significant differences between NYC and LA in
terms of architectural style, urban layout, and climate. Interestingly, our
binary Swin model showed even stronger generalization to LA, with an
average accuracy of 81 %. This suggests that while the nuanced dis-
tinctions required for three-class classification become more challenging
across disparate urban environments, the broader binary classification
task remains robust.

These results underscore the effectiveness and adaptability of both
our MMOE and Swin models. The MMOE model’s ability to maintain
high accuracy in three-class classification across diverse urban land-
scapes demonstrates its potential for nuanced urban analysis tasks.
Meanwhile, the Swin model’s exceptional performance in binary clas-
sification, particularly its strong generalization to the West Coast,
highlights its potential for widespread application in urban landscape
classification tasks.

The slight performance variations between East and West Coast
generalizations provide valuable insights into the challenges and op-
portunities in cross-regional urban analysis. While both models perform
well, the differences suggest that future work could explore region-
specific fine-tuning or the incorporation of additional regional context
to further enhance model generalizability across diverse urban
environments.

5.7. Comparison with census data

This study observed a relatively low correlation between the
wealthiness predicted values with median income level by census

Fig. 8. Example images where the score class is impoverished while the mean household income class is affluent.
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Fig. 10. The GradCam image of the model on the impoverished street scene (Selvaraju et al., 2016), and the highlighted part of the image shows the key point areas
in the image that affect the classification of the model. For impoverished places, which are usually desolate, vehicles, plants and houses in the images are the key
factors affecting the classification of the model.

Fig. 11. The GradCam (Selvaraju et al., 2016) image of the model about the affluent street scene, and the highlighted part of the image presents the key point areas
that affect the model classification. Compared with the impoverished images, the affluent places tend to have more vehicles, the vehicles are also more techno-
logically advanced, and the density of buildings is also higher.

14
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Table 5
Model Generalizability Results.

Scenario Three-classification (MMOE) Binary classification
(Swin)
Impoverished ~ Middle  Affluent  Impoverished  Affluent
NY — Boston ~ 0.72 0.78 0.75 0.79 0.67
NY - LA 0.65 0.70 0.69 0.88 0.74

blocks. One potential explanation for the low correlation is the differ-
ences in the granularity (or resolution) of the data. The census block
group data provides a broad, aggregate view of income levels in a given
area, while the Streetview class data capture more detailed and fine-
grained information about the specific characteristics and features of
individual neighborhoods. Hence, the two datasets may measure
different aspects of wealthiness and the low correlation does not
necessarily imply a lack of association. Another potential explanation is
the influence of other factors that are not captured by the census block
group data. For example, factors such as the quality of public services,
the availability of amenities, and the level of social cohesion in a
neighborhood may also play a role in shaping the human perception of
wealthiness. Integrating these factors into the analysis can provide a
more comprehensive understanding of the relationship between income
and wealthiness.

6. Discussion

This study introduces a novel approach to predicting neighborhood
wealth by integrating human perception with deep learning models
trained on geo-tagged street view images. This section discuss the
practical applications, advantages, and limitations of this work.

6.1. Practical applications

Beyond the technical performance of our models, it is crucial to
explore the broader implications, and practical applications in urban
planning, real estate development, and socioeconomic research.

6.1.1. Urban planning

Accurate, fine-grained predictions of neighborhood wealth can
significantly inform urban planning and policy-making. By identifying
socioeconomically disadvantaged areas, city planners can prioritize in-
terventions such as enhancing public infrastructure, improving access to
education and healthcare, and creating employment opportunities. For
instance, our model can reveal neighborhoods lacking essential ame-
nities, guiding targeted investments to promote equitable urban devel-
opment. This aligns with the principles of equitable urban development,
as highlighted in prior research on urban inequalities (Suel et al.,
2023a).

Moreover, the dynamic capabilities of our model enable continuous
monitoring of urban changes. By tracking shifts in wealth distribution,
policymakers can detect early signs of gentrification or urban decline,
facilitating proactive decision-making. For example, urban revitaliza-
tion programs can be informed by identifying neighborhoods undergo-
ing economic stress or rapid socioeconomic changes. This data-driven
approach helps ensure that urban policies remain responsive to evolving
challenges (Huang et al., 2022).

6.1.2. Real estate development

In the real estate sector, wealth predictions offer valuable insights
into market dynamics. Developers and investors can use our model to
identify areas with high growth potential or emerging markets. For
example, predicting wealth trends in rapidly developing neighborhoods
can guide decisions on where to build new residential or commercial
properties. The growing use of Al in real estate demonstrates its trans-
formative potential, particularly in improving investment decisions and
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property development (Viriato, 2019).

Additionally, our approach enhances traditional property valuation
methods by incorporating visual features such as building aesthetics,
green spaces, and street-level amenities. These factors are often over-
looked in census-based models but are critical for understanding prop-
erty values. By leveraging visual data, real estate stakeholders can make
more informed decisions that account for both tangible and intangible
neighborhood characteristics (Law et al., 2019).

6.2. Advantages over traditional methods

Compared to traditional wealth prediction approaches, which typi-
cally rely on aggregated census data, our method offers several distinct
advantages. First, the use of geo-tagged street view images allows for
real-time and fine-grained assessments of wealth, capturing recent
urban changes that census data often misses (Naik et al., 2014). This is
particularly valuable in rapidly evolving urban environments, where
static data sources may no longer reflect current conditions.

Second, our incorporation of human perception into wealth predic-
tion captures nuanced socioeconomic indicators that are difficult to
quantify. For example, visual cues such as well-maintained facades,
green spaces, and road quality may reflect neighborhood wealth but are
often excluded from conventional datasets. By extracting these features,
our model provides a more comprehensive understanding of urban
environments.

Third, the adoption of advanced machine learning techniques, such
as the Multi-gate Mixture-of-Experts (MMOE) model, allows for
specialized feature extraction tailored to different wealth classes. This
improves the model’s performance in distinguishing subtle socioeco-
nomic differences, such as those within the middle class, a challenge
often overlooked in binary classification models.

6.3. Limitations

One limitation of our study is the bias present in the Place Pulse 2.0
dataset. The dataset was crowdsourced from online volunteers, and it is
possible that these volunteers may not be fully representative of the
broader population. This can introduce biases in the dataset, such as
disproportionate representation of certain demographics or skewed
perception of what might be considered an “affluent” or “impoverished”
location. These biases have the potential to impact the accuracy of our
model’s predictions. Additionally, our study is limited by the binary and
ternary classification models used to predict the level of wealthiness.
While these simplified approaches allowed us to evaluate the models’
performance using standard classification metrics, they may not fully
capture the spectrum of wealthiness in urban environments. Looking
forward, instead of employing binary or ternary classification schemes, a
more nuanced approach would involve transitioning to regression-based
models. This approach would aim to predict a continuous wealthiness
score rather than restrict the outcome to specific classes. This change can
provide a more detailed, granular, and comprehensive understanding of
urban wealthiness distribution, thereby significantly enhancing the
model’s predictive capability and its potential real-world applications.

While binary and ternary classification models offer methodological
simplicity, we acknowledge their limitations in fully representing the
nuanced socioeconomic landscape of urban areas. Recent research has
highlighted the multifaceted nature of urban inequality and the
changing dynamics of the middle class. For example, Pew Research
Center studies have shown that the American middle class has been
shrinking over time, with movement into both upper and lower income
tiers (Kochhar, 2018). Additionally, research on urban inequalities in
the 21st century economy has revealed growing disparities not just be-
tween high and low income groups, but also within suburbs and between
cities (Nijman & Wei, 2020). The emergence of the new information-
based economy has created more complex patterns of inequality that
go beyond simple classifications (Muniz & Bailey, 2022). We recognize
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that our binary/ternary models may oversimplify these intricate socio-
economic variations. However, they serve as a starting point for analysis
while maintaining methodological clarity. In future work, we aim to
explore more sophisticated approaches that can better capture the
spectrum of urban wealthiness distribution, potentially incorporating
methods like the multiple correspondence analysis used in some
household classification studies (Were et al., 2022). This could provide a
more nuanced understanding of socioeconomic stratification in urban
settings without sacrificing the interpretability of our current approach.

Moreover, while our study provides a technical foundation for
assessing urban wealthiness, its practical application in urban planning
and policy-making requires further exploration. For instance, the in-
sights gained from our model could be leveraged to inform targeted
urban development projects, helping to identify areas in need of in-
vestment or redevelopment. Policymakers could use these findings to
devise strategies aimed at reducing wealthiness disparities and
improving overall urban livability. This practical application aspect is an
area that needs more attention in future studies to bridge the gap be-
tween technical capability and real-world impact.

Additionally, the low resolution image (400 x 300 pixels) in our
dataset poses a challenge. This limitation is significant as finer details
could be useful in assessing wealthiness levels. However, we advocate
for enhancing visual data analysis within the same resolution con-
straints, rather than diverging to non-visual data sources. We believe
that advancements in image processing and machine learning tech-
niques can extract more meaningful information from existing visual
data. This approach aligns with our study’s core objective of leveraging
visual perception for wealthiness prediction and maintains the meth-
odological consistency of relying primarily on visual data.

7. Conclusion

This study proposed a novel approach for predicting neighborhood
wealthiness based on human perception and deep learning at the most
fine-grained level (i.e., point-scale spatial resolution), by leveraging geo-
tagged street view images as the input for model training. This approach
is free from the cumbersomeness of MAUP and is able to predict
wealthiness at a finer-grained level, better reflecting the spatial depen-
dence and heterogeneity of the distribution of wealthiness. Our results
have demonstrated more insights into using human perception and deep
learning to predict neighborhood wealthiness, compared with using the
income statistics aggregated by census block group.

Overall, our study underscores the importance of considering human
perception in predicting neighborhood wealthiness. This has significant
implications for urban planning and policy-making, where our findings
can inform targeted interventions and strategic development aimed at
reducing wealthiness disparities and enhancing urban livability. The
practical applications of our technology in urban planning, policy for-
mation, and even in real estate and socio-economic research, open up
new avenues for understanding and addressing the complexities of
urban wealthiness distribution with more social equality.

A key innovation in our study was the modification of the TrueSkill
Rating System to incorporate temporal decay and spatial autocorrela-
tion factors. This allowed for more accurate wealthiness predictions by
considering the dynamic changes in urban environments over time and
space. Additionally, we introduced the Multi-gate Mixture-of-Experts
(MMOE) model, which significantly improved the classification perfor-
mance. These advancements enhance the precision and applicability of
our model in diverse urban settings.

Future research could delve into the use of higher-resolution street
view images, capturing more detailed and nuanced visual cues about
urban wealthiness. In addition, much more efforts are needed to apply
this visual-based technology to real-world applications in urban plan-
ning and policy-making. For example, city planners can capitalize on
these insights to identify socio-economic disparities, focusing on tar-
geted interventions in underprivileged neighborhoods. Crucially, future
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studies should explore how to establish effective collaborations between
technologists, urban planners, and policymakers. Such partnerships are
essential to translate visual data insights into actionable urban devel-
opment strategies, ultimately applying the model’s findings to foster
more equitable and socially conscious urban environments.

A particularly innovative and crucial direction for future research
lies in the integration of temporal data. Urban environments are not
static; they evolve and transform over time. This dynamism is often a
reflection of underlying socioeconomic changes, including shifts in
wealthiness distribution. By analyzing changes in street view imagery
over time, we can track the evolution of neighborhoods and predict
future trends in urban wealthiness. This approach goes beyond a snap-
shot view of urban wealthiness, offering a movie-like, dynamic
perspective that captures the trajectory of neighborhoods over time. The
incorporation of temporal data can lead to a paradigm shift in how we
understand and analyze urban wealthiness. It allows us to capture the
temporal nuances that static models might miss, providing a more ac-
curate, nuanced, and holistic understanding of urban wealthiness. It also
enables us to forecast future trends, offering valuable insights for urban
planning and policy-making.

These advancements, particularly the integration of temporal data,
will significantly enhance our understanding of the complexities of
wealthiness distribution in urban environments. They will contribute to
the development of more sophisticated, accurate, and dynamic ap-
proaches for analyzing urban wealthiness, paving the way for more
informed and effective urban planning and policy decisions.
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