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Abstract Gentrification is an urban phenomenon marked by socioeconomic shifts
that can displace long-term residents and increase inequality. Accurate measure-
ment is essential for effective urban planning and equitable development. Traditional
reliance on census data is costly, slow, and lacks the spatial and temporal resolution
needed to detect neighborhood-level changes in real time. This study addresses
these challenges by combining open satellite imagery with machine learning tech-
niques to quantify gentrification more effectively. By analyzing high-resolution
imagery, we detect physical changes—such as shifts in building density, rooftop
materials, and green spaces—that are linked to gentrification but often overlooked
by census-based approaches. Using the Greater London Area as a case study, our
method improves measurement accuracy by up to 8%, achieving a balanced accu-
racy of 77% across 4,085 neighborhoods. Even a small improvement in accuracy
can enable better identification of at-risk neighborhoods, helping policymakers
intervene before displacement pressures become irreversible.
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1 Introduction

In today’s rapidly changing urban landscapes, the dynamics of gentrification have
become increasingly critical to understand. Gentrification is characterized by socio-
economic shifts that often lead to the displacement of long-term residents, alteration
of neighborhood character, and rising social inequality. These changes pose signifi-
cant challenges for urban planners, policymakers, and local communities. As cities
evolve, accurately measuring gentrification is essential to mitigate its negative
impacts and promote equitable development. Urban planning and policy decisions
rely on timely and accurate data to understand these shifts, and without effective
methods of quantification, interventions may fall short of addressing the needs of
affected communities.

Traditionally, gentrification has been measured through census data, which
focuses on socioeconomic indicators such as income, education, and housing char-
acteristics. However, relying solely on census data presents several limitations.
First, the process of collecting and analyzing census data is both time-consuming
and costly, often resulting in delays that make it difficult to track the rapid evolution
of neighbourhoods. Additionally, census data lacks the spatial and temporal resolu-
tion necessary to detect fine-grained changes at the neighbourhood level. As gentri-
fication is often a gradual and localized process, subtle transformations—such as
changes in building density, rooftop materials, urban greenery, or new infrastructure
developments—can go unnoticed. These indicators, which reflect the physical
aspects of urban change, are critical for a complete understanding of how neigh-
bourhoods evolve over time. As a result, conventional methods are ill-suited for
capturing the full picture of gentrification as it unfolds in real-time.

To address these challenges, this study introduces a novel approach that lever-
ages open satellite imagery data and machine learning techniques to more effec-
tively quantify the change of physical gentrification. By analyzing high-resolution
satellite images, our method captures the physical changes in the urban environment
that traditional datasets often overlook. These changes include modifications in
building structures, rooftop materials, and green spaces, providing a more detailed
and immediate picture of neighborhood transformations. Through the integration of
satellite-derived features and machine learning models, we improve the accuracy of
gentrification measurement by 8% over the baseline model, achieving a balanced
accuracy of 77%. While this represents a measurable improvement, it also high-
lights the potential of linking physical changes observed in satellite imagery to
socio-economic shifts, offering a complementary approach for studying gentrifica-
tion dynamics.

The combination of physical and socio-economic data not only enhances the
granularity and timeliness of gentrification measurement but also provides action-
able insights for urban planners and policymakers. By applying this method to spe-
cific case studies within planning policy areas, this study demonstrates how satellite
imagery and machine learning can contribute to a more equitable approach to man-
aging urban development. We conclude with a discussion of the potential
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applications of this model, particularly in shaping policy and fostering community-
driven interventions in rapidly gentrifying areas.

2 Literature Review and Related Work

2.1 Gentrification in London

First introduced by Glass (1960), the term gentrification describes the social and
physical transformation of economically disadvantaged neighborhoods due to the
influx of wealthier households. This process is marked by socioeconomic shifts,
such as changes in demographic composition, alongside visible physical upgrades
in local infrastructure, both of which signal rising economic status at the neighbor-
hood level.

British studies on gentrification have traditionally favoured qualitative
approaches—media analysis, interviews, and ethnography—over quantitative
methods (Watt, 2008). This is partly due to concerns that secondary data may over-
look the underlying class dynamics driving urban change. However, studies like
Barton (2016), which used bivariate analysis, have uncovered gentrification in areas
not typically recognized by qualitative assessments, suggesting that a broader, data-
driven perspective can reveal more widespread transformations.

In London, research has often focused on emblematic neighbourhoods like
Hackney, Hoxton, Stratford, and Brixton, where the social and cultural markers of
gentrification are most visible (Harris, 2012; Butler et al., 2013; Benson and
Jackson, 2017). This focus on well-known areas can obscure the subtler, yet signifi-
cant changes occurring across the city. To gain a more comprehensive understand-
ing of gentrification, it is essential to apply quantitative and multivariate analysis to
a wider array of neighborhoods, identifying potential “gentrification frontiers”.

This study employs machine learning (ML) techniques to analyze urban change
across 4,835 neighbourhoods in London from 2011 to 2021. By leveraging deep
learning to extract latent features from satellite imagery, we aim to uncover hidden
aspects of urban dynamics and relate them to gentrification. Integrating these
insights with London Planning Policy geospatial data provides a more precise
understanding of neighbourhood changes and offers actionable guidance for urban
planning and policy decisions.

2.2 Machine Learning for Gentrification

Machine learning (ML) has been increasingly applied to predict urban changes,
including gentrification. One of the most notable studies by Reades et al. (2019)
used a Random Forest (RF) model to predict gentrification in London, combining
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socio-economic indicators into a gentrification index using Principal Component
Analysis (PCA). While this multidimensional approach helped capture the com-
plexity of gentrification, it introduced challenges such as computational intensity
and potential statistical errors.

Building on these advancements, researchers have explored alternative data
sources to improve ML models. Jain et al. (2021) showed that Airbnb data, includ-
ing listings and user reviews, can track neighborhood changes in real time. Similarly,
Glaeser et al. (2018) used Yelp data on business activity to provide timely insights
into urban transitions. Both studies address census limitations, offering real-time,
and more granular information on gentrification.

Several studies have built upon this, exploring the advantages of ML over tradi-
tional regression models. Algorithms like RF and Gradient Boosted Machines
(GBM) excel in their predictive accuracy and in prioritizing the most important
features. For instance, Thackway et al. (2023a) used a wide range of census features
and property data, including housing prices, Airbnb density, and proximity to points
of interest like food and leisure establishments, to predict gentrification. These
models offer flexibility in accounting for the varying predictive power of neighbor-
hood characteristics across different contexts, such as proximity to transit or parks
(Wardrip, 2011).

However, existing ML approaches still rely heavily on traditional demographic
and socioeconomic data, similar to earlier studies, which often depend on infre-
quent tabular census data. These approaches overlook the potential of remote sens-
ing, where open satellite data, available at weekly frequencies and continually
improving in resolution, offer a more timely and detailed alternative for monitoring
urban changes.

2.3 Urban Change Detection with Deep Learning

A key advancement in forecasting gentrification lies in the use of deep learning to
analyze the built environment, often termed deep mapping or machine mapping (Ilic
et al., 2019; Salesses et al., 2013). This approach, leveraging satellite, aerial, or
Google Street View (GSV) imagery, automates the collection of detailed geospatial
metrics, surpassing traditional land-use classification methods. By capturing subtle
landscape changes, deep learning helps illuminate the evolving urban fabric crucial
to understanding gentrification.

Computer vision techniques such as Convolutional Neural Networks (CNNs) are
one of the core methodologies, which automatically learns image features—ranging
from edges and textures to complex patterns—without predefined rules. This makes
CNN s particularly powerful for analyzing urban imagery, as they can discern struc-
tural changes indicative of neighborhood transformations (Kang et al., 2018).

Recent studies, such as Ilic et al. (2019) and Thackway et al. (2023b), employed
Siamese Convolutional Neural Networks (SCNNs) to detect gentrification by ana-
lyzing sequential GSV images. Ilic et al. (2019)‘s study in Canada identified
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structural improvements in buildings over time, using these changes as proxies for
gentrification. However, they noted a limitation: the absence of sociodemographic
data could lead to overestimations, as not all property upgrades signify gentrifica-
tion. Thackway et al. (2023b) extended this work in Sydney by integrating socio-
economic data into their predictions, creating a more robust model that accounted
for both physical and demographic shifts.

Deep learning methodologies, particularly those using satellite imagery, have
also been applied to urban vitality and housing price predictions (Law et al., 2019;
éc’epanovic’ et al., 2021a, b). These techniques excel at extracting nuanced details
from high-dimensional data, offering new insights into urban dynamics. Building
on a rich body of research in change detection (Bergamasco et al., 2022; Codegoni
et al., 2022; Yin et al., 2023; Corley et al., 2024), our approach applies these
advancements to enhance the spatial and temporal granularity for gentrification
quantification, enhancing urban planning and decision-making through more pre-
cise, data-driven insights.

3 Data and Methods

This section describes the main data sources used for this study, the first dataset
comprises census data from the UK and is used to profile neighborhoods in London.
It comes from the Office for National Statistics (ONS, 2024). The second dataset
entails remote-sensing imagery from the European Space Agency Copernicus
Sentinel-2 mission (Copernicus Sentinel-2, 2021). A more detailed description of
their processing is presented in the following sections.

3.1 Gentrification Score

To predict gentrification, we generate a score that captures changes in neighborhood
socioeconomic conditions and create features from satellite data to predict such
changes. We define neighborhoods as a Lower Layer Super Output Area (LSOA) in
London because these represent granular administrative divisions for which govern-
ments provide socioeconomic data.

The LSOA contains between 1,000 and 3,000 inhabitants living in between 400
and 1,200 households: a geography small enough that even modest changes in the
makeup of an area should show up, but large enough that the sample size of each is
statistically robust and more privacy preserving. Whilst data are available on a finer
scale (e.g., Output Areas) and a coarser scale (e.g., wards, Middle Layer Super
Output Areas), LSOAs exemplify the characteristics of spatial proximity and social
homogeneity which relate to neighborhood effects (Reades et al., 2019).

Inspired by Jain et al. (2021), we construct the gentrification score for each
neighborhood (LSOA) based on changes in four socioeconomic measures: age,
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Table 1 Socioeconomic measures for UK, London LSOAs

Measure Definition Data source 2011 Data source 2021
Age Percent aged between 25 2011 ONS 2021 ONS

and 34
Education Percent NVQ Level 4 or 2011 ONS 2021 ONS
Housing Above IMD 2010 IMD 2019*

Barriers to Housing and
Services Domain
Income Income Deprivation Domain IMD 2010 IMD 2019

*The ONS collects data for the Indices of Multiple Deprivation (IMD) two years prior to release

education, housing, and income Table 1. These measures are grouped into two time
periods: 2011 and 2021, then between these, the score is computed. First, socioeco-
nomic measures are aggregated to create a neighborhood index for each
LSOA. Values are standardized using percentile ranks, as raw Indices of Multiple
Deprivation (IMD) values are not comparable across years (ONS, 2015). The neigh-
borhood index is computed for the time windows:

Neighborhood index,, =1/4x (age,1 education,, housing,, income,, ) e}

Lower index values indicate more disadvantaged neighborhoods in terms of
older, uneducated, poorer residents, or worse housing access.! Disadvantaged
neighborhoods are defined as those in the bottom 50" percentile in 2011. Each
neighborhood index is standardized using its percentile, and the gentrification score
is aligned with literature:

Gentrification score,, = neighborhood index,, —neighborhood Index,,  (2)

Here, 1, is 2021, and 7, is 2011. A higher gentrification score reflects a greater
influx of younger, educated, wealthier residents, or improved housing access,
whereas negative scores indicate disadvantaged neighborhoods with no signs of
gentrification. These gentrification scores, derived from official census data, serve
as the ground truth for evaluating our models. Although census data are collected at
decadal intervals, our approach uses these labels to model gentrification trends, pro-
viding insights into long-term urban transformation. The spatial distribution of
these scores is shown in Fig. 1.

In this study, we focus only on disadvantaged neighbourhoods because the con-
cept of gentrification is usually discussed primarily in the context of less developed
neighbourhoods. Even though affluent spaces may experience some change in

'According to the Office for National Statistics (ONS), ‘Barriers to Housing and Services’ refers
to the physical and financial accessibility of housing and local services, captured through two sub-
domains: (1) ‘geographical barriers’, relating to the proximity of essential local services, and (2)
‘wider barriers’, which include factors such as affordability and homelessness.
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London Gentrification Score 2011-2021 (LSOA)
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Note: Used Census 2011-2021 and IMD data.

Fig. 1 Spatial distribution of gentrification scores, serving as the ground truth, calculated from
changes in census data variables: age, education, housing, and income

socioeconomic measures, this is usually not considered to be gentrification (Zuk
et al., 2018).

3.2 Satellite Imagery

In 2014, the European Space Agency (ESA) launched the first of the Sentinel satel-
lites as part of the Copernicus Program (Torres et al., 2012), which aims at opening
access to Earth Observation (EO) data to the public. Thanks to this investment, we
can freely access accurate and timely data from the radar (Sentinel-1, Sentinel-3),
altimeter (Sentinel-3), and optical (Sentinel-2) sensors (Sc’epanovié et al.,
2021a, b).

For this study, we processed Sentinel-2 images for the years 2016 and 20212
through the (WASDI platform, 2023) by calculating average values during the sum-
mer season (June Ist to August 31st), as this period has fewer clouds over London,
reducing obstructions in detecting physical changes. We focused on all 11 bands,

2The Sentinel-2 satellite was launched in 2015, limiting available data to June 2015 onwards. We
focus on 2016 as the starting point, due to incomplete data for the 2015 composite.
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capturing relevant environmental factors. To ensure data consistency and quality, we
resampled the bands to a uniform resolution of 10 m, applied cloud masks to exclude
affected pixels, and computed pixel-per-pixel averages over time under cloud-free
conditions (Scepanovic et al., 2023). The resulting composite images represent the
typical environmental characteristics for each season.

3.3 Deep Learning Feature Extractors

The full images comprise a dimension of (B, H, W) where B is the number of bands,
H and W are the height and width of the image, the raw image size for the composite
is (11, 4754, 6050), i.e., 11 bands each 4754 x 6050, each pixel represents parcels
of land of 10 x 10 m? In order to process these images, we resized them to create
imagelets of 256 x 256 pixels. This is also a standard practice in studies that process
high resolution (HR) and very high resolution (VHR) satellite imagery (Corley
et al., 2024; Fang et al., 2022; §c’epanovic’ et al., 2021a, b; Yin et al., 2023).

To extract meaningful features from the satellite images, we applied a pipeline
consisting of several deep learning techniques followed by image thresholding for
change detection purposes. Given an image i € I, where [ is the set of imagelets, the
goal was to extract a vector of visual components v;, € V where i corresponds to
each image, and b refers to each band. Some studies focus only on four bands
(Papadomanolaki et al., 2019), but in order to fully leverage the whole dataset, the
aforementioned strategy was employed.

In our experiments, we compare 6 methodologies, starting from a basic normal-
ized image difference and then compiling their results. These are described as
follows:

Simple-Diff (Sinergise, 2017) standardizes the image in #, with standard deviation
and mean values from the image in #,; to avoid detecting changes in brightness
and contrast, and then computes the absolute difference between ¢, and the cor-
rected 7, image. Change is detected by using Multi-Otsu thresholding on this
difference (Liao et al., 2001).

Res-Net demonstrates the use of Res-Net blocks (He et al., 2016) to extract deep
image features for change detection with bi-temporal remote-sensed imagery.
FC-SiamDiff (Daudtet al., 2018) is a fully convolutional (FC) Siamese approach,
which, instead of concatenating both features from the encoding streams, calcu-
lates the absolute value of their difference.

CGNet (Han et al., 2023) is a change-guiding network that improves upon the
U-Net architecture by incorporating an attention-based Change Guide Module,
designed to capture long-range dependencies across pixels.

Bi-Temporal Siamese Model (Papadomanolaki et al., 2019) uses a simple Siamese
U-Net model that first extracts spatial features from multi-date inputs, which are
subsequently used for change detection. The LSTM block was not included in
this study.
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TinyCD (Codegoni et al., 2022) is another Siamese UNet change detection archi-
tecture, which uses an EfficientNet (Tan and Le, 2019) encoder backbone to
extract convolutional features and feed them to a custom attention-based decoder
network.

These methods aim to perform Change Detection (CD) in bitemporal images I,
and 7, acquired at times #; and t,, where, in our case, #; is 2016 and 7, is 2021. Among
them, Simple Differencing follows a traditional differencing approach, ResNet
serves as a feature extractor, and the remaining models operate as end-to-end change
detection methods.

3.3.1 Bi-temporal Siamese Network

Assume that a set of N unlabeled samples X = X,, n =1, ..., N extracted from /; is
available. These methods use X to train from scratch the convolutional autoencoders
(CAE) in an unsupervised way. Once the CAE is trained, we process I; and /,, and
extract bitemporal deep feature maps of the inputs from the models. These features
are compared and fused to detect changed =z, and unchanged =, pixels, where 7,
includes all the relevant changes that occurred in the image, while z,, represents no
change. The Siamese approach, which extracts features from bitemporal images, is
shown in Fig. 2 as a demonstration of how the aforementioned methods process
the data.

Low-level
Features

—

A ==
‘SiameseEncoder ‘ Feature Fusion }—VI

High-level
Features

e

Fig. 2 Bitemporal Siamese Network Architecture for Urban Change Detection. The black and
gray blocks represent satellite images captured at different times ¢, and #,. Both high-level and low-
level features are extracted from these images using a Siamese encoder. The feature maps from
each image are fused and passed through a decoder, which detects urban changes, highlighted in
red on the right. This process is applied independently to each spectral band of the satellite imagery
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3.4 Implementation Details

The models are implemented in PyTorch (Paszke et al., 2017) and run on a single
NVIDIA A100 GPU. We use the Adam optimizer (Kingma & Ba, 2014) with linear
weight decay and a base learning rate of 0.001 for a single epoch across all models,
except for the customized Res-Net, which runs for 100 epochs. The batch size is set
to 8 for all experiments.®

For change detection, we employ a one-shot learning approach with Siamese
neural networks, effective in learning object similarity (Nath, 2021). However, this
was not applied to SimpleDiff, which relies on traditional differencing, or ResNet,
which required additional training steps for meaningful feature extraction. The
other models converged in a single training step, justifying the use of one-shot
learning. This approach remains relatively unexplored in gentrification studies.

The models are trained using Mean Squared Error (MSE) loss following
(Bergamasco et al., 2021, 2022). The goal is to minimize the reconstruction error
between the original image and the predicted output over a batch B € X of patches:

1 ,
MSE =;Zf:1(x,, -X,) 3)

To extract feature maps, the model processes I, and I, separately. The encoder’s
initial layers capture simple features like edges and lines, while the decoder layers
extract more spatial context about the changes. We apply bilinear interpolation to
the retrieved features to ensure the maps have the same spatial dimensions for each
patch. The image is then reconstructed by applying a no-data mask from I,.

The main idea is to associate the label z,, z,. with each pixel, and to do so at the
most reliable level. To that end, we apply a threshold 7 retrieved using the (Otsu,
1979) algorithm to the output features ¢ from each model. The pixel of the final
change map CM in position i, j is assigned to z, or r,. according to the class detected
in the pixel position i, j.*

CM (i) e{r,..if 0 (ij) < 7, 7.if0 (i) > 1%, )

3.5 Changes at the LSOA Level

A raster image is generated for each change map and band. To contextualize this
process into our neighbourhoods, we translate these outputs into vector features. To
handle large datasets efficiently, this workflow includes raster-to-vector conversion,
spatial joining, and parallel processing.

3The code implementation can be found in the following GitHub repository: https://github. com/
jaroxciv/Gentrification-from-the-Sky.

4Scikit-image’s implementation of the Multi-Otsu algorithm outputs three classes by default. The
subscript h indicates the highest threshold level was selected for the change detection .
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The extracted change pixel counts are then aggregated for each LSOA. The total
change counts for each band are normalized by the area of the respective neighbor-
hood to calculate the percentage of change pixels, which provides a measure of the
intensity of the change within each area. This results in a matrix &,;, where each row
represents an LSOA neighborhood (n), and each column corresponds to a specific
extracted satellite band feature (b), which is used as a predictor of neighborhood
gentrification.

4 Modeling

4.1 Setup

We cast this as a binary classification task whose dependent variable is the gentrifi-
cation score computed in Sect. 3.1.

The first step is the binarisation of the gentrification score based on percentiles
used to classify neighborhoods as either gentrified or not gentrified. This process
involves setting a threshold at the top and bottom 25% percentiles of the gentrifica-
tion scores. The resulting binary classification assigns a value of 1 to neighborhoods
with gentrification scores above the top 25th percentile, and a value of O to areas
with scores below the bottom 25th percentile.

Let G, represent the gentrification score for neighborhood n, Q;sG be the 75th
percentile (top 25%) of the gentrification scores, and Q,sG be the 25th percentile
(bottom 25%) of the gentrification scores. The binary gentrification label GB, for
neighborhood 7 is defined as:

GB, €{Lif G, > 0,5(G)0,if G, < 0,;(G)dropped,ifQ,; (G) <G, < Q.5 (G) (5)

The second step is to select a proper baseline model for these binary labels. To
do so, we run four independent classification models using housing, population
churn,’ income, and Gini coefficient as predictors (The Centre for Labour and Social
Studies, 2021; Suss, 2023). The results show that the Logistic Regression model and
LinearSVC provides the best results to predict our binary gentrification target with
a value of 0.72 for both balanced accuracy and F1-score. Additionally, for each of
the models, since both the house and satellite feature vectors were skewed, we used
the Yeo-Johnson power transformation Weisberg (2001), a method previously used
to predict gentrification in London (Yee & Dennett, 2022).

3The CDRC Residential Mobility Index was used in a study to predict gentrification.
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4.2 Classification Methods

Given the produced neighborhood-level feature vectors @, (calculated in sub-Sect.
3.5 and their corresponding labels GB, (calculated in Equation 5), we aim to predict
v, using a logistic regression of the form:

yo=wi +wix, +..4wix, n=1...,N (6)

n'n?

o) Q Noa Noa
y, =W, +Zn w xn+zn:lwn ®,, n=1...,N @)

-1 n

where the coefficients w are learned by their respective model, y, is equivalent to
GB,, and N is the total number of neighborhoods.

In addition to the Logistic Regression, which minimizes the following log-loss
function:

z(x,y)ED [—ylog(il) ~(1-)log(1- 9)]

we also experimented with Linear Support Vector Classification (SVC). The
Linear SVC objective function is given by

%“w”2 + CZ:]max(O,l - yn.)@n)

where ||w|| is the norm of the weight vector (reflecting model complexity), and
C is a regularization parameter that controls the penalty on misclassifications. We
chose to experiment with these two models because Logistic Regression provides a
well-calibrated, interpretable baseline for binary classification, while Linear SVC is
a more flexible alternative that can optimize decision boundaries more effectively in
some cases (Ghosh et al., 2019).

Finally, we also tested an ensemble of decision trees with extreme gradient
boosting, equivalent to XGBoost Classification, which minimizes the log loss
function. On small structured datasets, decision tree-based methods are considered
to be the best-performing methods (Chen & Guestrin, 2016; Shwartz-Ziv &
Armon, 2022).

5 Results

5.1 Evaluation Metrics

To evaluate the performance of each classification method in predicting our binary
gentrification labels (Equation 7), we use standard classification metrics: accuracy
(balanced), F1-score (weighted) (Chase Lipton et al., 2014), and ROC-AUC (Hand
& Till, 2001). These metrics are calculated based on the counts of true positives #p,
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false positives fp, false negatives fn, and true negatives n, typically represented in a
confusion matrix. Under these terms, F1 can be expressed as a function of counts of
true positives, false positives, and false negatives:

Fl=_— 2P
2tp+ fp+ fn

One last component to include, specificity m/(tn + fp), also known as true nega-
tive rate, helps us in defining balanced accuracy in a shorter way:

®)

Sensitivity + Specificity
2

Balanced Accuracy = 9
Balanced accuracy is crucial in this context to mitigate the bias towards the more
frequent class (ungentrified areas), ensuring that both gentrified and ungentrified

neighborhoods are given equal consideration during evaluation (Brodersen
et al., 2010).

5.2 Gentrification Classifier Results

We compare the selected models from Sect. 4.2 using our evaluation metrics as a
reference. For each model, we perform a Grid-Search ten-fold cross-validation to
find the best possible baselines and optimal augmented models. After that, we apply
a 30-fold cross-validation 5 times (repeated k-folds), and record the average scores
and errors. The objective is to obtain results that are robust against a high variance
derived from a low sample size (§c’epanovié et al., 2021a, b).

The results are shown in Fig. 3. The first observation is that adding the satellite
features yields improved scores in predicting gentrification. For the F1-score, this
results in a 9% increase for the best-performing model (XGBoost), and an average
improvement of 7% across all models. For ROC-AUC, the average improvement is
8%. Additionally, the scores between the Logistic Regression and the LinearSVC
are comparable. These results suggest that a non-linear model is capable of captur-
ing variation better. A plausible reason is that the Support Vector Machine algo-
rithms are more geometrically motivated (Bennett & Bredensteiner, 2000), whilst
the decision tree algorithm is better at discriminating the labels.

The table in Fig. 3 shows a numeric comparison of the findings, suggesting that
the best model also has the lowest standard error in terms of ROC-AUC.

A heatmap analysis Fig. 4 highlights two key insights: linear models’ consis-
tency and tree-based models’ specialization. Linear models show steady, reliable
performance across different methods, while tree-based models yield more varied
outcomes but offer flexibility through hyperparameter tuning. The result also shows
that, among the different change detection methods, 7inyCD and Res-Net appear to
achieve the best overall performance (F1 = 0.78).


https://scikit-learn.org/stable/modules/cross_validation.html

212 J. Alfaro et al.

Comparison of Models by F1 Score - SiameseResNet
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Method Balanced F1 Score ROC AUC
Accuracy
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Fig. 3 Predicting gentrification from satellite features. The baseline model uses house median
predictors, whilst the enhanced model adds an additional term z:’:]w? ), from Equation 7.
Balanced accuracy is omitted since it is equal to the F1-score results. Error bars represent the stan-
dard error of the mean across 30 folds
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Fig. 4 The heatmap visualizes model performance, where the darker red indicates higher F1
scores, and the darker blue represents lower scores. Both linear and tree-based methods perform
strongly, with tree-based models showing slightly more variation. XGBoost is ultimately chosen
due to its high scores and flexibility in hyperparameter tuning, offering potential for further
optimization

Additionally, overlaying detected changes on the gentrification score map in
Fig. 5 reveals that different bands capture distinct spatial features. For instance,
Band 4 highlights urban areas and soil changes, while Band 8 is more sensitive to
vegetation and biomass variations. Changes are detected in areas with both high and
low gentrification scores, suggesting the models are identifying transformations
even in stagnant or highly gentrified areas.

5.3 Spatial Patterns

We first examine the evaluation results across neighborhoods, focusing on town
centers and the presence of underground stations.

Newham has four main centers; in two of them, the model correctly predicts
gentrification, while in the other two, it does not (Fig. 6). The figure clearly shows
that the gentrified area has better transport connectivity, with four underground sta-
tions, as well as access to both the Overground and the Docklands Light Railway
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Fig. 5 London Gentrification Score with Detected Changes—LSOA. The top panel shows the
detected urban changes from Band 8 (NIR), while the bottom illustrates changes from Band 4
(Red). Purple patches highlight areas of urban change as detected by our deep learning methods.
Overlaying them reveals the spatial relationship between physical urban transformation and gen-
trification levels
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ONS Census 2011-2021and IMD data.
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ONS Census 2011-2021and IMD data.
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Fig. 6 Classification metrics (TP, FP, TN, FN) by Borough: Newham and Tower Hamlets

(DLR). In contrast, the center in the false negative area has only a single connection
to the District Line. These regions have an average population of 31,528 and rela-
tively high house prices, around £400,000.

The situation is similar in Tower Hamlets, which has a high level of connec-
tivity with five underground stations, as well as access to both the Overground
and the Docklands Light Railway (DLR). This borough contains six town cen-
ters, with average house prices ranging from £300,000 to £885,000. These cen-
ters have a lower average population of 22,358. Our model largely predicts
gentrification correctly in this borough, aligning with previous academic studies
and gray literature (Reades et al., 2019; The Centre for Labour and Social
Studies, 2021).

5.4 Urban Change Detection

The previous maps offer a clear visual representation of the model’s performance,
showcasing areas where it successfully detects urban changes and areas where its
predictions need improvement. However, understanding these changes goes beyond
identifying where they are likely to occur—it also involves validating the accuracy
and broader implications of these predictions.

The literature on urban change detection often uses well-labeled datasets like the
Onera Satellite Change Detection (OSCD) dataset (Daudt et al., 2018), with models
trained on them (Chen & Shi, 2020; Ji et al., 2019; Liu et al., 2022). Lacking such
data, we validate our model using Conservation Areas—zones with strict regula-
tions limiting physical and structural modifications to the built environment (City of
London Corporation, 2024). By comparing satellite-derived change maps from
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Equation 4 with Conservation Areas as a proxy for non-change, we can assess the
accuracy of the change detection model. False positives may arise within these pro-
tected zones, while changes outside likely represent real urban transformations, as
shown in Fig. 7.

The overlaid map validates our deep learning approach for detecting urban
changes in Tower Hamlets, showing that 99% of the changes occurred outside con-
servation zones, where development is more permissible. Across all of London,
41,230 pixels (1.72%) of detected changes in Band 4 fell within conservation areas,
further supporting the model’s accuracy.

Tower Hamlets Conservation Areas and Detected Changes (2016-2021)

Il Conservation Areas: 596 pixels (1.00% m2)
MM Detected Change

Fig.7 Changes detected in Tower Hamlets within conservation areas (in red), using Band 4 of the
TinyCD algorithm. Detected changes (in black) mostly occur outside these protected zones, where
development is more likely. Changes within conservation areas may represent false positives due
to strict regulations, while those outside likely reflect genuine urban transformations. This com-
parison provides insight into how well conservation policies prevent significant developments
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Coverage across individual bands varies, from 0.22% (Band 2) to 42.39% (Band
8), with Bands 6 to 9 showing over 35% coverage within conservation zones, indi-
cating sensitivity to certain urban changes. In contrast, Bands 2, 3, and 4 show more
selective detection. On average, 19.55% of changes occur within conservation areas,
reflecting the variability in how different bands capture urban transformations.

5.5 Ablation Study

The methods outlined in 3.3 define change by setting a threshold on the satellite
imagery data. The choice of threshold can significantly impact the evaluation met-
rics as it influences the sensitivity of the model to detect true changes.

To investigate the impact of thresholding, we conducted an ablation study by
defining a range of thresholds based on the minimum and maximum values identi-
fied for each spectral band. Changes were then computed at multiple points within
this range.® Finally, we regressed only the satellite features on gentrification, accu-
mulating accuracy and F1 scores at each threshold.

The ablation study reveals distinct curves for different models, suggesting vari-
ability not only at the threshold level but also in model specification (Fig. 8). The

0.6900 Model Performance Across Thresholds - BalancedRandomForestClassifier

0.6837
0.6800

0.6700 -

0.6600 -

0.6500 - —e— F1 Score
—— Accuracy
Max F1 Threshold

Score

0.6400

0.6300 4

0.6200 4

0.6100

0.6000

Threshold

Fig. 8 Performance metrics across thresholds. Predictive model performance is sensitive to the
choice of threshold, with an optimal range required to balance accuracy and F1 score effectively

®We use the simple-diff approach described in Sect. 3.3, which is both efficient in detecting
changes and effectively demonstrates the robustness check.
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study highlights two key peaks in performance: one around a threshold value of
200, which temporarily declines, and another around 400, where accuracy and F1
score reach a similar level. However, beyond 400, performance declines signifi-
cantly. It is important to note that these threshold values may vary depending on the
method used, further emphasizing the need for method-specific calibration to main-
tain predictive accuracy and reliability.

6 Discussion

6.1 Planning Policy

The observed spatial patterns in gentrification probabilities reveal associations with
factors like transport connectivity and proximity to town centers, suggesting that
accessibility and urban density are closely related to areas experiencing gentrifica-
tion. However, these spatial patterns raise further questions about how policy deci-
sions, infrastructure investments, and urban planning initiatives might correlate
with these urban changes.

To explore these relationships, we analyze the UK government’s official Planning
Policy layers, which provide insights into land use designations, conservation areas,
and transport infrastructure. By overlaying these policy layers with the detected
urban changes from deep learning techniques, we aim to understand the associa-
tions between policy frameworks, infrastructure developments, and socio-economic
shifts. Visualizing these interactions, as shown in Fig. 9, offers insights into how
planning policies coincide with urban transformations, supporting arguments like
those from Meltzer (2016), who noted that gentrifying neighbourhoods tend to
experience employment growth and industrial restructuring.

Several key observations arise from analyzing the map. Local Industrial Locations
account for the highest percentage of detected changes, with 12.48% of the total
area, suggesting significant activity and potential redevelopment in these zones. The
London Legacy Development Corporation (LLDC) within Newham follows with
9.90%, likely driven by ongoing large-scale projects, particularly in the context of
post-Olympic regeneration (The Centre for Labour and Social Studies, 2021).
Strategic Sites and Employment Hubs collectively represent around 17% of the
detected changes.

Interestingly, a weaker relationship appears between detected changes and pre-
dicted gentrification probability in Local Industrial Locations. These areas, often
smaller and concentrated, may lack the space for large-scale redevelopment, which
could explain their low aggregated gentrification probability of 0.42 (Hubscher,
2021). The limited room for transformative projects likely constrains significant
socio-economic shifts.

In contrast, larger zones like the Legacy Development Corporation LLDC within
Newham and Strategic Sites exhibit higher gentrification probabilities, likely due to
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W Employment Hubs (6.99% m?)
Strategic Sites (9.23% m?)
B Local Industrial Locations (12.48% m?)
Crossrail Safeguarding (5.90% m?)
I LLDC Within Newham (9.90% m?)
W Detected Change

Policy Layer Avg Probability
LLDC Within Newham 0.707
Strategic Sites 0.554
Employment Hubs 0.502
Crossrail Safeguarding 0.484
Local Industrial Locations 0.417

These probabilities are calculated using the XGBoost model across all neighborhoods.

Fig. 9 Detected changes within policy areas in Newham (top) and average probability of gentrifi-
cation by policy layer (bottom). The legend shows the percentages of area in square meters corre-
sponding to detected changes in the specified policy areas

their capacity for extensive infrastructure projects (Hubscher, 2021). These larger
areas can more easily absorb spillover effects from development, stimulating gentri-
fication across broader regions. This highlights how the scale and concentration of
policy areas are associated with both physical changes and their socio-economic
impacts.
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While these findings offer valuable insights into the interaction between policy
areas and detected changes, it is important to approach these results with caution.
These results should be interpreted as indicative rather than definitive, highlighting
potential areas of change but requiring further validation against ground truths and
additional data sources.

7 Conclusion

Based on our analysis and results, we propose a method to evaluate urban change
detection and gentrification probabilities using Sentinel-2 imagery and a deep learn-
ing framework. Our approach began with a baseline model, having the median house
prices for 2011, 2016, and 2021 as predictors, and by incorporating satellite fea-
tures, we were able to increase the predictive power by up to 8%. These enhanced
probabilities were then used to uncover spatial patterns that, when paired with policy
planning data, revealed deeper insights into the interplay of economic drivers and
urban change. Our results are significant for two reasons. First, they demonstrate
that satellite features, both alone (with 64% predictive power) and combined with
baseline socioeconomic features like median housing price (77%), enable faster and
large-scale gentrification assessments using globally available data. Second, the
high temporal and spatial frequency of satellite data allows not only for detecting but
also for tracking gentrification and its subtle interactions with the urban landscape.

Larger policy-supported areas, such as expansive policy zones or development
sites, tend to have a higher potential for changes and, consequently, higher gentrifi-
cation probabilities. The spread of new developments within these large zones often
leads to spillover effects, where the impact of gentrification extends beyond the
immediate vicinity of the changes.

Conversely, smaller, more concentrated development areas, like compact
industrial zones or specialized policy areas, may exhibit a high percentage of
detected changes due to their focused nature. However, their limited surface area
and compactness constrain the scope of redevelopment and the potential for wide-
spread gentrification. As a result, these areas may show lower aggregated proba-
bilities of gentrification despite significant physical changes. This dynamic
illustrates how the scale and density of a development zone (region) influence
both the extent of urban change detected and the socio-economic outcomes
that follow.

7.1 Practical Implications

The findings of this study offer several practical applications that can significantly
influence urban planning and policy-making, especially in areas undergoing rapid
change or facing potential gentrification pressures.



Gentrification from the Sky: Using Remote Sensing and Machine Learning for Urban... 221

Enhanced Decision-Making through Probability Maps: The probability maps
generated in this study can serve as powerful tools for urban planners and poli-
cymakers. By visualizing the likelihood of gentrification across different policy
areas, these maps can help prioritize interventions in neighbourhoods at higher
risk of socio-economic shifts. This targeted approach allows for more effective
allocation of resources, ensuring that areas most in need of support receive timely
attention.

Open Public Access Platforms for Community Engagement: Making these find-
ings accessible to the public through open platforms and dashboards can empower
communities by providing them with valuable information about their neigh-
bourhoods. Residents can use this data to engage in informed discussions with
policymakers, advocate for their needs, and participate more actively in the urban
planning process. This transparency fosters a collaborative environment where
both community members and decision-makers can work together towards equi-
table urban development.

Near Real-Time Monitoring of Urban Change: The use of open satellite data to
detect changes within policy areas, rather than relying on private platform data
such as Airbnb Jain et al. (2021) or Yelp Glaeser et al. (2018), offers an opportu-
nity to develop a near real-time monitoring system for urban environments. By
continuously updating the detected changes and probabilities of gentrification,
cities can respond more swiftly to emerging trends, adapting policies as needed
to mitigate negative impacts or capitalize on positive developments.

Guiding Policy Interventions in Vulnerable Areas: The variability in gentrifica-
tion probabilities across different policy areas suggests that tailored interventions
are necessary. Policymakers can use these insights to design specific strategies
that address the unique challenges and opportunities within each area, ensuring
that policies are both context-sensitive and effective in promoting sustainable
urban growth.

7.2 Limitations and Future Work

Our approach for predicting and validating the gentrification prediction from satel-
lite data comes with three main limitations:

Lack of Ground Truth Labels: Since ground-truth data on gentrification are
unavailable, we follow previous work Jain et al. (2021) in assuming that socio-
economic changes serve as a reliable proxy. Additionally, we infer the accuracy
of our unsupervised gentrification detection method by examining its relation-
ship with conservation areas. However, without explicit validation data, these
relationships cannot be definitively confirmed.

Need for Human Anneotations: To enhance the robustness of our model, integrat-
ing human annotations could be highly beneficial. Expert reviewers could vali-
date a subset of the detected changes, providing ground truth labels that the
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model can then use for retraining. This process would improve the accuracy and
reliability of the model, ensuring it is better at distinguishing between true
changes and noise.

Band Overfitting: While we have analyzed all available spectral bands, some such
as Band 10 (used for cirrus cloud detection) might lead to “overdetection”,
potentially introducing noise and bias into the classification. Being wary of this
issue can help refine the model’s overall performance.

While our approach has demonstrated the potential of using Sentinel-2 imagery
and deep learning to analyze urban change and gentrification probabilities, there
are several avenues for future work that could further enhance the accuracy and
utility of our method. First, improving the deep learning feature extraction process
could lead to more precise detection of urban changes. This could be coupled with
refined validation techniques that incorporate expert manual labelling, ensuring
that the detected changes align closely with on-the-ground realities. Additionally,
addressing potential multicollinearity issues within the spectral bands through the
use of indices could further refine the models’ predictions, making them
more robust.

One limitation of our study is the use of medium-resolution imagery (10 m),
which, while effective, could be improved with Synthetic Aperture Radar (SAR)
data, such as Sentinel-1, which is unaffected by cloud cover, or very high-resolution
satellite imagery, providing a more detailed view of urban dynamics. Additionally,
integrating explainable Al techniques (HGohl et al., 2024) could enhance transpar-
ency in the feature extraction process, offering clearer insights into how specific
urban features influence gentrification predictions. These advancements would not
only refine the technical capabilities of our model but also create a more precise and
reliable tool for urban planners and policymakers.
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