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Abstract: In our increasingly urbanized world, precise and up-to-date maps of human settlements are essential
for sustainable urban development policies. The availability of open-access Sentinel-2 data from the Copernicus
program presents an opportunity to create a comprehensive global map of human settlements, offering a
detailed view of built areas on a large scale. This study estimates large-scale built-up fractions using encoder-
decoder deep learning architectures like U-net, Res-U-net, and Attention-U-net in the large and complex urban
area of Delhi, India. Openly available datasets like Open Street Map (OSM) and Microsoft building footprint
datasets are used to derive built-up fractions at 10x10m resolution cells for over 34,000 km?2. Our results show
that Attention-U-net with the Huber loss function performs the best in different built-up densities (i.e., urban,
semi-urban or rural) with an R? score of 0.631, while Res-U-net and U-net obtained an R? score of 0.623 and
0.612, respectively. The investigated networks significantly improve the accuracy over the latest Global Human
Settlement Layer product (GHSL-S2), which uses a deep-CNN and reaches an R?of 0.387 in our case study area.
The result of this study yields a valuable spatial layer for examining the spatial distribution of human
settlements across the entire spectrum from rural to urban areas.

Keywords: fractional mapping; built-up; deep learning; Global Human Settlement Layer;
sustainability

1. Introduction

The rapid expansion of cities worldwide presents a challenge discussed among “various
research communities”, including sustainability, social science, and remote sensing [1]. Urbanization
significantly impacts climate at different scales and with the need and want for more and more
infrastructure to support the growing populations especially in developing countries where still
construction is done using concrete and other heat-absorbing elements rather than sustainable
elements, the Urban Heat Island (UHI) effect is very profound [2]. Urban populations in Asia and
Africa are projected to double by 2050, with limited data available on settlement patterns, particularly
in low and middle-income countries [3-5]. The dynamic transition between rural and urban areas
morphology further complicates the evolving structure of cities and regions, challenging mapping,
and monitoring efforts of built-up in those regions [4,6].

Long-term missions such as Landsat, a part of the NASA/USGS joint program that started in
1972, and Sentinel, an Earth Observation mission of Copernicus under the European Space Agency
(ESA); comprising an array of medium to high-resolution satellites which have offered the
opportunity to analyse spatial and temporal urban patterns using image analysis technology to
interpret surface features seen from satellites [7,8]. Geographic Information System (GIS) software
aids in processing remote sensing data to identify objects and patterns on the ground, contributing
to meaningful insights. However, interpreting raster images from remote sensing satellites presents
challenges due to mixed pixels caused by real-world landscape variability [9]. These mixed pixels
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contain valuable information but also introduce errors in the analysis. Overcoming these errors
requires grasping spatial and spectral attributes and advanced algorithms. Spatial attributes
influence pixel composition, impacting the occurrence of mixed pixels in the raster image.

Researchers have recently investigated various machine learning strategies for built-up
extraction, from conventional classifiers to sophisticated deep learning models. Support Vector
Machines (SVM) [10] and Random Forests are popular classification techniques used for categorizing
individual pixels according to spectral properties. These techniques have effectively distinguished
between populated and unpopulated areas [11,12]. However, with the introduction of object-based
image analysis (OBIA), researchers have broadened the analysis to incorporate spatial and contextual
information. Benz et al. The authors in [13] utilized OBIA to analyse remote sensing data,
incorporating fuzzy logic for GIS-ready information extraction. Multi-scale object-based techniques
for image segmentation have substantially improved built-up extraction [14]; however, they are likely
to result in the problems of “over segmentation” or “under segmentation” when segmented built-up
split apart compared to the ground truth or either mix in with background objects respectively [15].

Traditional machine-learning techniques have greatly enhanced building extraction, although
they still substantially depend on hand-crafted features [16]. Additionally, the generated features are
manually modified to correspond with the training dataset’s building distribution pattern, which
may not apply to other datasets, particularly those from other satellites and study sites [17]. The
limited transferability of shallow machine learning algorithms with fewer neural layers and
complexity restricts their use in automated analysis. Conversely, Deep Convolutional Neural
Network (CNNs) enable direct learning of spatial patterns from raw data without needing feature
engineering [18]. CNN is a Deep Learning method that can recognize distinct objects and attributes
in an input picture and distinguish between them by assigning weights and biases that may be
learned. It requires a lot less pre-processing than other classification techniques. While filters are
manually designed in a more traditional way i.e., hand-engineered, CNN may learn these filters and
attributes given sufficient training data. By automatically deriving hierarchical representations of
characteristics from raw data, CNNs have displayed extraordinary performance.

Fully Convolutional Networks (FCN) [19] and U-Net [20], two CNN-based techniques, have
demonstrated impressive accuracy in segmenting and defining built-up regions at the pixel level.
Yuan et al. [21] introduced an FCN architecture for building extraction from aerial imagery. They
accurately and efficiently extracted built-up zones by training the FCN on annotated data. Their work
demonstrated how deep learning may be helpful for urban planning and monitoring tools like land
resource management, urban sprawl monitoring, cadastral mapping, land use, and land cover,
making it easier to extract built-up regions from aerial images automatically. A multi-constraint FCN
was proposed by G. Wu et al. [22] to extract buildings from aerial photographs. Sherrah [23] built an
FCN without a max pool layer to maintain the precise ground details from the original image and
reduce the data loss in pooling.

An adaptation of FCN which was modified to work with fewer inputs using the usual
contracting network and a symmetric expanding network where max-pooling was replayed by
upsampling operators, U-Net for Land segmentation, was first developed by Seferbekov et al. [24],
who mainly focused on high-resolution satellite imagery. Their study confirmed the U-Net
architecture’s efficiency in defining land cover regions precisely. A semantic segmentation method
based on U-Net was suggested by Francini et al. [25] to detect and categorize built-up regions in high-
resolution satellite data. Their investigation demonstrated U-Net’s capability for producing accurate
and trustworthy outcomes for earthquake risk zones in southern Italy.

Y. Wu et al. [26] use attention-based CNN for delineating built-up areas using TerraSAR-X SAR
imagery where attention block (i.e., a combination of convolution and activation layers intended to
highlight only the relevant activations during training by giving higher or large weights to relevant
parts of the image and less relevant parts get small weights) helped minimize the higher and lower
false alarm rate caused by weighted cross-entropy loss. A densely linked dual-attention network with
a multiscale context was suggested by Chen et al. [27] to extract buildings at the block level. The
recommended method divides SAR into multi-scale blocks that partially overlap, utilizing several


https://doi.org/10.20944/preprints202401.1879.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 January 2024 doi:10.20944/preprints202401.1879.v1

size grids and their multiple-step offsets. The feature representation and classification of SAR blocks
are carried out by the lightweight network built by fusing dense layers and double attention.
Ultimately, it combines predictions from several blocks using pixel-level multi-label voting to
recognize built-up zones accurately.

All the studies above have exploited high spatial (Very High Resolution Multi-spectral) [28,29]
or sometimes a fusion [30,31] of it with SAR or Hyper-spectral datasets, giving us a classified image
with resolution justifiable when it comes to classifying buildings (i.e., edge detection of buildings or
built-up in general to its surroundings is more distinguishable with very high-resolution imagery or
sub-meter resolution as each pixel even in compact settlements can detect the edge or boundary of
the built-up). However, most of these high spatial and spectral resolution products come from
commercial satellites, which are not always feasible monetarily for large scales. Researchers have
transitioned to using Sentinel-2 data, but its 10-meter resolution remains inadequate for precise
mapping [32]. To address this limitation, they have turned to mixed pixel regression, specifically
fractional cover analysis [33]. This approach offers a more nuanced understanding of the distribution
and density of built-up areas by using fuzzy logic rather than pure pixel classification, benefiting
urban planning and environmental assessments.

Using a global composite of Sentinel-2 data, Corbane et al. [34] propose a deep learning-based
architecture for fully automated extraction of fractional built-up (probabilistic 0 to 100 distribution of
built-up confidence) with 10-meter spatial resolution at the global scale. Using transfer learning, a
multi-neuron modeling technique based on a straightforward convolution neural network
architecture is developed for generating fractional built-up cover.

However, the methods of Corbane et al. struggled to fully harness the available spatial and
spectral information due to limitations of the Deep-CNN used in the study, resulting in inaccuracy
in developing countries like India [34]. The novelty of this research lies in using more complex CNN-
based semantic segmentation models like U-net [20], Res-U-net [35], and Attention-U-net [36] to
generate a large-scale fractional built-up cover as opposed to traditional binary maps. The research
also explores different open-source reference built-up labels and assesses them based on their
accuracy and reliability for generating reference input ground truth mask datasets for deep learning
models.

2. Materials and Methods
2.1. Study Area and Datasets

India’s capital, Delhi (NCT), and the National Capital Region (NCR) provide a sizable study area
for built-up extraction, around 34,000 square kilometers (as seen in Error! Reference source not
found.), which is selected to improve heterogeneity in the data, providing us with: 1) “urban” Delhi
center, (2) “semi-urban” large satellite towns like Noida, Greater Noida, Meerut (in Uttar Pradesh),
Gurugram, Rohtak, & Panipat (in Haryana); and (3) “rural” areas of Haryana and Uttar Pradesh
states. This offers an attractive environment for researching built-up regions and their dynamics
due to their historical significance, extensive cultural history, and fast urbanization. Understanding
this urban-rural structure and morphological patterns will help better comprehend other cities. This
information may inform initiatives for sustainable development, policy creation, and urban
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planning strategies to address the problems encountered by India’s increasingly urbanizing cities.

Haryana

— o— — —— — —— —— — C— —r G— —"

Legend
_2\[:_1 Study Area
[] state Boundaries
Built-up
Water Bodies

Rajasthan

Figure 1. Study area of Delhi NCR, India, spanning 34,000 km? (represented with the red dashed box).
Grey areas represent built-up (derived from OSM and Microsoft datasets), and blue areas represent
water bodies.

2.2. Datasets

The datasets used in this study can be categorized into three parts: (1) input multi-spectral
imagery; (2) open-source built-up datasets for generating reference built-up labels; (3) high-
resolution multi-spectral imagery. For the input multi-spectral imagery, the Sentinel-2a MSI Surface
Reflectance dataset (Surface Reflectance (SR) Sentinel-2 images that have been atmospherically
corrected are provided by the Level-2A product which includes corrections for atmospheric
corrections for aerosol particle absorption and scattering from December 2018 to the present) was
used with a mean image composite of the year 2021-22 from Google Earth Engine (GEE) [35] for
cloud-free imagery. The final composite had a spatial resolution of 10 meters and comprised four
bands (Band 2: blue, Band 3: green, Band 4: red, and Band 8: near-infrared) which provided the best
open-access input imagery at the time of this study.

A crucial issue with any deep learning architecture is the volume of data used for training
required to alter the network variables appropriately. A sizable collection of open access and free
datasets describe built-up regions in varying degrees of depth, completeness, consistency, and
correctness. The most comprehensive datasets characterizing built-up areas were gathered from
public sources to create a consistent, thorough, and precise delineation of the study area for
generating reference built-up labels. These datasets include Open Street Map (OSM), Global Human
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Settlement Layer (GHSL_BU), Facebook high-resolution settlement dataset (FB_HRS), and Microsoft
building footprints (MS_BFP).

OSM dataset was downloaded from the Geofabrik website [36], with buildings, roads, and
railways considered under built-up in accordance with INSPIRE guidelines [37]. According to
Corbane et al. [38], GHSL_BU was created by automatically classifying 2014 Landsat 30 m resolution
data. Symbolic Machine Learning (SML) classifier that automatically makes logical rules tying the
image dataset to existing high-abstraction semantic tiles utilized for training [39] is the cornerstone
of the method for mapping populated areas using global Landsat data. The product has a spatial
resolution of 30 m. Despite robust worldwide performance displaying built-up areas, GHSL_BU
struggles with under-fitting difficulties in sparsely populated areas, notably in rural Asian settings.

Settlement grids created by Meta (previously Facebook) [40] of high spatial resolution are the
source of the FB_HRS data. The "Data for Good" Facebook program, which promotes global
humanitarian activities, made the dataset open access [41]. The population zones in FB_HRS were
automatically identified by a CNN classifier using sub-meter resolution optical images and high-
resolution open-source data for training from OSM [42]. Although FB_HRS data is far spread out in
the study area, it represents population zones rather than built-up, and so it has not been used in this
study.

Microsoft’s Open Source CNTK Unified Toolkit was used to retrieve the data automatically.
MS_BFP was generated by performing RefineNet up-sampling layers on Bing images that contain
VHR satellite and aerial sensors using CNTK and ResNet34 [43]. MS_BFP dataset is provided in
vector format at 1:10000 scale, enabling 1 x 1 m rasterization used in this study, which was then
aggregated to 10 x 10 m resolution. The countries where information was available when the MS_BFP
data was gathered were the United States, Canada, Africa, the Caribbean, Central Asia, Europe, the
Middle East, South America, and South Asia.

2.2. Methodology

The primary objective of this study is to design a deep-learning-based strategy to map built-up
fractions using Sentinel-2 data and for that, the study is divided into two sections: data preparation
and deep learning modeling.

Deep Learning Modelling

Data Preparation

]
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Figure 2. Methodology divided into two parts a) data preparation comprising of data collection,
filtering, pre-processing, and patching for modelling; b) deep learning modelling where the models
are trained and tested.

The first part, data preparation, involves exploring the input dataset, analyzing it quantitatively
and qualitatively and then preparing the dataset for training the deep learning model (hereafter
referred to as reference built-up labels). A filtering process was implemented to choose the best data
locally available for the input dataset. Out of the datasets collected to generate reference built-up
labels dataset at 10 m resolution, Microsoft building footprint (MS_BFP) and Open Street map (OSM)
were given precedence first because of better coverage and precision compared to other datasets for


https://doi.org/10.20944/preprints202401.1879.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 26 January 2024 doi:10.20944/preprints202401.1879.v1

generating reference built-up labels. The Facebook High-Resolution Settlement (FB_HRS) dataset and
Global Human Settlement Layers Built-Up Grid (GHSL_BU_2016) had the least accurate
representation of urban and rural areas. On the contrary, the Sentinel-2 image composite [44] came
pre-processed out of the box through Google Earth Engine [35].

According to INSPIRES's definition of built-up, "any surface above ground level used for any
purpose" [37]; buildings, roads, and railways [45-47] data was taken from OSM and building
footprint was taken from MS_BFP followed by manual corrections in many urban and some rural
areas, which resulted in an accurate dataset of built-up when evaluated against Google Earth’s
Satellite data.

OSM's "Roads" and "Railways" features were transformed into polygons using QGIS's buffer
tool. Various widths (1m, 2m, and 3m) were experimented with, as shown in Figure 3. 1 meter caused
uneven pixelation, 2 meters had gaps, but 3 meters worked best for 10m resampling. Wider widths
would have led to overestimation in the model prediction.

Facebook : Buildings are vaguely marked and that
too not all

Figure 3. Urban Setting to compare datasets; Green ring = good quality data, Yellow ring = mediocre
quality data, and Red ring = data which is not suitable.
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Figure 4. Buffer experimentation: (a) Buffer: 1 m produces pixelated road, not covering properly (top)
(b) Buffer: 2 m produces pixelated road, still it is not a continuous stretch of pixels for the road
(middle) (c) Buffer: 3 m produces pixelated road, properly covering the road with some gaps
(bottom). Source: Author.

After that, all the polygons were merged in QGIS, rasterized to 1 meter, and resampled to 10
meters using GDAL tools [48]. Both the input datasets (image and generated reference built-up labels)
were then patched at 512 x 512-pixel level, segregated according to the built-up densities in each
patch (high comprising of top 25 percentile, medium comprising of average to 75t percentile and
rest coming in low built-up densities) which were then distributed equally into training, validation
and testing dataset having a ratio of 60%, 20% and 20% respectively for homogeneity during training
and testing.

Figure 5. Merging OSM datasets and MS_BFP (left), rasterizing at 1 x 1 m resolution (center), and
resampling to 10 x 10 m (right). Source: Author.

The second part explores deep learning architectures, validation criteria, and prediction
methods to predict fractional values from the input dataset.

Zi‘]’ = b + Zi’=1 Wk’ X xi’j‘k’ ( 1 )
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The sigmoid function (as seen in the equation above) is adopted for prediction at the output
layer since binary categorization of building and non-building is needed: The weights and bias are
indicated by the symbols w € R® and b € R'. Prediction yij can only be made between [0, 1], which
can be utilized further in the models adopted in the research to get a fractional built-up output with
a value between 0 and 1 with 0 denoting no presence of built-up and 1 denoting 100% presence of
built-up in a pixel of the input imagery.

Sigmoid was incorporated at the output layer of the three encoder-decoder models used in the
study: (1) U-net [20], modified according to Francini et al.[25] with no dropout layer and a kernel size
of 3 x 3; (2) Res-U-net [49], modified according to Yi et al. [50], where one convolution block out of a
pair is replaced by a residual block in both encoder and decoder path increasing layer depth and
simplifying optimization [51]; and Attention-U-net [52], modified from Y. Wu et al. [26], where the
attention gate is attached to the skip connection at the decoder part of the U-net, provides added
information at the end of the decoder path by optimizing weightage at the skip connection and
limiting the impact of outliers or noise from the input.

The assessment criteria of the model predictions are based on the R? and RMSE scores as the
models are modified for regression rather than classification by providing an output in the form of
probability (using the sigmoid activation function at output), which results in 0 to 1 value which are
interpreted as 0 being no built-up and 1 being complete (100%) built-up coverage in the sentinel-2
pixel of 10 x 10 meter.

3. Results
3.1. Training phase of models

3.1.1 Hyper-parameters tuning

In order to get the best possible gradient descent curve (i.e., the fit of the model for the problem),
hyper-parameter tuning was done using the Halving grid search technique [53] with the following
parameters for each category for all three models used in this study:

The result of halving grid search (as seen in Table 1) was that the best activation, optimizer, loss,
and metrics combinations were ‘relu’, "RMSprop’, "huber loss’ [54] and 'mean squared error’
respectively for all three models (U-net, Res-U-net and Attention-U-net model). Where they differed
was that U-net had the best combination with a 0.001 learning rate, while Res-U-net and Attention-
U-net had the best combination at a 0.01 learning rate.

Table 1 Hyper-parameter variables.

Hyper-parameters Input parameters
Learning rate 0.0001, 0.001 1, 0.0111, 0.1
Activation ‘sigmoid’, ‘tanh’, ‘relu’ 1
Optimizer ‘SGD’, ‘RMSprop’ 1, “‘Adam’
Loss ‘mean squared error’, ‘mean absolute error’, ‘huber loss” !
Metrics ‘mean squared error’ !, ‘root mean squared error’

! Best performing parameter in the respective hyper-parameter category.

Further hyper-parameters like batch size, kernel size and number of epochs were decided
through hit and trial or limited due to hardware constraints during this study. Batch size could not
exceed past '1’, as doing so resulted in a hardware bottleneck. Kernel sizes of 3 x 3 and 5 x 5 were
tested, and results did not differ at this resolution; instead, the computational time in the 5 x 5 kernel
was way higher than 3 x 3. The number of epochs was set to 200 for each model with early stopping
enabled such that no improvement in validation loss at an iteration of 20 epochs will terminate the
training. Data augmentation [55] was also applied to improve generalization capability.
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3.1.2 Performance evaluation of model losses

Loss functions play a crucial role in the training phase of the model, and understanding it gives
a better insight into the black box regime of deep learning models. Since in this study three loss
functions were used, namely ‘mean squared error’, ‘mean absolute error’, and ‘huber loss’, a training
and validation loss curve gives us a better understanding of how different models behave with that
loss function in this scenario.

Table 2 shows the loss functions used at the training stage of the models, where N is the number
of samples, y; is the true value, J; is the prediction value, and ¢ is the huber constant, which for

this study is kept at 0.5.
Table 2 Loss functions and equations
Loss function Equation
Mean squared error %Z'[’:l( vi —9)?
Mean absolute error %Z{'V:ﬂ}’i —Jil
N
1 1 I ) R
NZE(Y:’ -5 iflyi—-nl<é
Huber loss =1

N

1 o1 .

NZ 6 (Iyi -3l - E(S), otherwise
i=

Error! Reference source not found. illustrates the training and validation loss of all three models
with different loss functions incorporated: Mean Squared Error (MSE), Mean Absolute Error (MAE),
and Huber Loss, since the problem we are tackling here is much of a regression-based rather than
classification-based approach. Huber loss performs better in this scenario across all the models,
coming to the solution much more stable and faster than the other two regression loss functions. Since
the dataset has many outliers, MSE fails prominently under these conditions, whereas MAE deals
with outliers a lot better but sometimes fails to predict correctly and struggles in validation (at the
early stages of training epochs and primarily in the Attention-U-net’s case where the model is
stagnant, i.e., not learning at all). A combination of these, the Huber loss function takes the best of
MAE to deal with outliers but also incorporates proper weights for a better validation curve.

Unet ResUnet Attention Unet
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Figure 6. Loss and Validation Loss functions compared across all the models. Source: Author.

3.2 Evaluation of model predictions

A benchmark must be set for properly comparing the deep learning models tested in this study.
Therefore, comparing it with the dataset currently, the only globally available 10-meter resolution
fractional built-up cover is the most viable option. GHSL-52 [34] was fetched from ESA’s GHSL
website, an open-access database for GHSL products. Tile R6 C26 was downloaded, corresponding
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to UTM grid zones 43R, 44R and 45R of Sentinel-2. Deep CNN architecture with transfer learning

was used to generate this data. For the study area, the maximum value (i.e., fractional built-up value
in the GHSL-52 pixel) of the GHSL-52 dataset is 0.85.

3.2.1 Qualitative Analysis

Side-by-side representations between the models are done where the predictions were visually
compared in three different scenarios, (1) Urban, (2) Semi-urban, and (3) rural, each with two
examples. Sentinel-2 false-color composite, LISS-4 (5-meter spatial resolution) dataset pan-sharpened
with Cartosat-3 panchromatic band (0.28-meter spatial resolution) in a false-color composite and
reference built-up labels were visualized together for qualitative analysis. As seen in Error! Reference
source not found., GHSL-52 performed relatively poorly in all scenarios and made inaccurate
predictions throughout each set, especially in urban areas. In rural settings with a minimal dataset of
built-up, GHSL-52 fails to show the built-up properly.

Sentinel-2 FCC Ground truth GHSL S2 dataset U-net Res U-net Attention U-net

urban #1

urban #2

rural #1 semi-urban #2 semi-urban #1

rural #2

Figure 7. left to right) Sentinel-2 FCC imagery, LISS-4 FCC pan-sharpened with Cartosat-3 PAN,
Reference ground truth mask, GHSL-S2 dataset, U-net prediction, Res-U-net prediction, & Attention-
U-net prediction (black to white = 0% to 100% built-up; applies to all the fractional built-up and yellow
circles to denote point of interests). Source: Author.

U-net performed better in urban settings but not in semi-urban and rural settings with missing
roads. It can predict the roundabout in urban settings and the roads having vegetation around it, but
it surpasses GHSL-S2 in accurately predicting dense urban settlements and somewhat scarce built-
up. While it may be suitable for specific applications where detailed information about urban
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development is abundant and precise (such as densely populated cities), its limitations make it less
reliable when dealing with low-built-up density areas. Res-U-net performed similarly to U-net,
predicting densely packed built-up or dispersed with slightly better prediction ability, especially in
urban and scarce rural settings. As seen in rural settings 1 and 2, the roads are slightly more accurately
predicted compared to U-net, and the overall prediction of built-up is much higher (whiter = higher
built-up fraction) in densely built-up areas in both urban and semi-urban settings.

Res-U-net offered comparable accuracy while providing additional benefits due to its residual
connections that helped alleviate vanishing gradient problems during training. Despite these
advantages over basic U-net architecture, there are still limitations regarding accurate predictions of
missing or sparse fractional built-up regions. The best was Attention-U-net, with better
generalization capability in all the scenarios. It is the only one to consistently predict roads much
better than other models used in the study. An evident example of this can be seen in Error! Reference
source not found., where it is the only one able to predict the roundabout. Further, in a semi-urban
setting, it can predict secluded built-up areas and small roads like U-net but with slightly better
generalization. It has a much better road prediction in rural settings than the other two models.

Compared to Res-U-net, which has given more confidence to built-up in dense built-up areas
(i.e., higher values and whiter pixels can be seen in dense regions of built-up), Attention-U-net goes
for a more generalized and spread-out values of confidence or probability of built-up even in dense
built-up regions with better edge detection capability due to its attention mapping capability [52].
This highlights its ability to understand the spread of built-up across the whole image and not only
dense built-up regions (higher dataset/density of pixels) as Res-U-net. Further, this shows the
superiority of attention mechanisms and attention mapping in datasets like these, where the
distribution of information can be uneven.

3.2.1 Quantitative Analysis

When evaluating them based on R? and RMSE scores against the generated reference built-up
labels dataset, GHSL-S2 scored the lowest R? score of 0.387 and a very high RMSE of 11.949, which
correlates to the inaccurate predictions seen above by GHSL-52. U-net, Res-U-net, and Attention-U-
net scored 0.612, 0.623, and 0.631 R2 scores, respectively, while 9.913, 8.991, and 9.611 RMSE,
respectively, as shown in Table 3. Overall, Attention-U-net has a slightly better fit (less variance) than
other models, with 2nd best prediction regarding the RMSE score resonating with the visual
comparison shown in Error! Reference source not found..

Table 3 R? and RMSE of the models showing the best in each metric highlighted in bold. Overall, the
best model is Attention-U-net. Followed by Res-U-net, U-net, and at the end is the GHSL-S2 dataset

with its deep CNN model.
Model R?score RMSE
GHSL-S2 (deep CNN) 0.387 11.949
U-net 0.612 9.913
Res-U-net 0.623 8.991
Attention-U-net 0.631 9.611

3.3. Qualitative Assessment of the transferability performance

We tested the transfer ability of our models in different areas far away from the original study
area, giving us a better insight into the model's generalization capability. The best-performing model,
Attention-U-net, was qualitatively (visually) compared with the GHSL-S2 datasets of regions not
under the study area. This experimental test lays out fundamental insights on the capability of
Attention-U-net to train on a handful of data to predict from a spatially distinct Sentinel-2 dataset.

For this, five cities were meticulously chosen (three Indian and two non-Indian) to test out the
model on the following criteria: a) distinguishing between elements with similar spectral signatures
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as that of built-up, i.e., barren land, shoreland, sand, etc., b) can model predict both organic and
structures morphologies across urban and rural areas.

Error! Reference source not found. shows the prediction of Attention-U-net compared to the
GHSL-S2 dataset in five different cities. Amsterdam shows the ability of the attention model to
predict a structured morphology even though trained with an organic morphology dataset. Chennai
and Mumbai both challenge the model with the large water body with clustered morphology type
where, in Chennai’s case, GHSL-S2 performs better than Attention-U-net, but the inverse can be said
in Mumbai’s case. Dubai and Mussoorie provide a geographical challenge to the Attention-U-net,
with desert and hilly terrain interrupting the prediction of built-up due to similar spectral profiles,
respectively. False classification can be seen prominently by Attention-U-net in both cases where it
has taken sand and some parts of terrain under built-up. This can be improved through more diverse
training of Attention-U-net with distinct demographics and morphologies for better prediction.

Google Imagery GHSL-S2 dataset Attention U-net

Amsterdam

Chennai

Mumbai Dubai

Mussoorie

Figure 8. Generalization experimental test of Attention-U-net in different cities compared to the
GHSL-S2 dataset testing different morphological patterns and geographic characteristics.
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4. Discussion

The study evaluated several deep learning models for their performance in predicting fractional
built-up areas across different scenarios. The models included GHSL-52’s deep CNN, U-net, Res-U-
net, and Attention-U-net. Each model was tested in urban, semi-urban, and rural settings to assess its
ability to predict fractional built-up areas accurately.

GHSL-S2 performed poorly in all given scenarios when predicting fractional built-up areas. It
struggled to identify and delineate these areas consistently and accurately across different settings.
Although the GHSL-52 dataset used for this study was for the period of 2018 and other models were
predicting the 2021-22 period, the temporal gap between them did not drastically affect both urban
and rural areas under the study region selected (see Error! Reference source not found.). Therefore,
based on this study’s findings, GHSL-52’s deep CNN is less effective than other models for predicting
fractional built-up areas.

U-net performed better in urban settings than in semi-urban and rural areas with sparse or
missing fractional built-up data. However, like GHSL-S2, it still fell short in accurately predicting
these areas consistently across all scenarios. While it may be suitable for certain applications where
detailed information about urban development is abundant and precise (such as densely populated
cities), its limitations make it less reliable when dealing with incomplete or scarce data regarding
fractional built-up regions.

Res-U-net exhibited similar performance to the standard U-net architecture but with slightly
improved prediction ability, particularly in urban and sparsely developed rural settings. It offered
comparable accuracy while providing additional benefits due to its residual connections that helped
alleviate vanishing gradient problems during training. Despite these advantages over basic U-net
architecture, there are still limitations regarding accurate predictions of missing or sparse fractional
built-up regions.

Attention-U-net demonstrated the best overall performance among all the models studied by
exhibiting superior generalization capability across various scenarios when predicting fractional
built-up areas. It consistently outperformed other models in accurately identifying and delineating
these regions more effectively than any other model used in this study. One of the critical strengths
of Attention-U-net is its ability to utilize the wasted potential of skip connections in the standard U-
net architecture. By incorporating attention mechanisms into these skip connections, the model can
effectively produce responses at each pixel by weighting features from the preceding layer. This
attention-based approach allows the model to handle minimal built-up elements with great accuracy,
making it highly suitable for tasks involving fine-grained details in urban areas [26].

When examining statistical metrics, Attention-U-net outperforms Res-U-net and U-net in terms
of R? score and RMSE. While the improvement in R? score is relatively small as seen in Table, it still
demonstrates that the added complexity and computational time required for Attention-U-net is
worthwhile, as it leads to better overall performance.

For more evidence in support of this evaluation of the effectiveness of deep learning models for
predicting fractional built-up areas: Attention-U-net successfully identified and delineated fractional
built-up areas in a densely populated urban areas (see Error! Reference source not found.) better
than U-net, which struggled to capture these regions” complexity accurately.

In a semi-urban setting example, both U-net and Res-U-net encountered difficulties in predicting
fractional built-up areas where there were missing or incomplete data (i.e., small buildings and roads
alongside agricultural fields or water bodies as seen in Error! Reference source not found. . However,
Attention-U-net generated more accurate results by effectively incorporating contextual information
and learning long-range dependencies, leading to better identification of these regions even with
limited data. In a rural setting with sparse fractional built-up data, GHSL-52 performed poorly due
to its inability to handle such sparse information [34]. On the other hand, both U-net and Res-U-net
showed some improvements compared to GHSL-S2 but failed to predict fractional built-up areas
accurately. Attention-U-net demonstrated exceptional performance by identifying small, isolated,
developed regions within sparsely populated areas.
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In conclusion, the analysis of Attention-U-net for fractional built-up generation highlights its
superiority over other architectures in the study. Its attention mechanisms, which use the skip
connections in the U-net architecture, lead to more accurate predictions, particularly in scenarios with
fine-grained urban features. While there is an added computational cost, the model’s performance
justifies the investment, making it a powerful tool for urban-rural area analysis and prediction tasks.

5. Conclusions

In conclusion, evaluating various deep learning models for predicting fractional built-up areas
has revealed important insights into their performance. Among the models examined, Attention-U-
net emerged as a standout performer across different built-up densities, demonstrating its versatility
and effectiveness even with a limited number of input dataset. In contrast, Res-U-net, U-net, and
GHSL-S2 dataset (deep CNN) exhibited varying degrees of decrease in R? scores, with the latter
experiencing a substantial decline. Notably, all the encoder-decoder architectures distinguished
between non-built-up and built-up areas, outperforming the deep CNN model used in a prior study.

Even though this study comes with its limitations for not training with a much bigger dataset or
much more complex deep-learning architecture like transformers[56] due to hardware and resource
limitations it shows the capability of Attention-U-net in generating fractional built-up cover at a large
scale. Attention-U-net exhibited great promise, especially in scenarios with limited built-up pixel
coverage largely due to its attention block mechanism helping it distinguish the background (non-
built-up pixels) from the foreground (or, built-up pixels). Future research should explore its potential
further by incorporating more efficient deep learning architectures and leveraging transfer learning
techniques. Even though the models were trained in the context of Indian cities with limited training
datasets, they can achieve good prediction in non-Indian cities compared to the GHSL-52 dataset as
evident when Attention-U-net was tested in 5 different cities, two of which were non-Indian cities.

Additionally, the study also highlights that the GHSL-52 dataset is the only dataset available for
large-scale fractional built-up dataset as of date and more improvements need to be done leveraging
open-source freely available high-resolution imagery. This study is the first to innovate over the
GHSL-S2 dataset and push the effectiveness and accuracy of deep-learning models used by Corbane
et al. [34] to generate large-scale fractional built-up using encoder-decoder architecture models over
CNNs with open-source imageries.

Ultimately, the outcomes of this research have implications for creating national and global-scale
fractional built-up datasets using multi-spectral data improving over the works of GHSL-52"s work
[34]. This improved dataset offers valuable insight for a grand scheme of applications like settlement
patterns[57], land management[58], slum mapping[59], disaster monitoring[25], Urban Heat Island
effect[60], Urban Planning[61], and many more which can directly or indirectly use such dataset.
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