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Abstract: The spatial distribution of population density and land use is a fundamental metric for targeting spatial planning policies
under the Sustainable Development Goals. This study presents a comparative evaluation of deep learning architectures for urban density
estimation, with an emphasis on spatial generalization. The study was conducted in Jakarta and its surrounding cities (Jabodetabek),
a highly heterogeneous region that provides a rigorous setting for evaluating model generalization. Sentinel-2 satellite imagery and
European Space Agency WorldCover 2020 data were acquired through Google Earth Engine, together with the Normalized Differ-
ence Vegetation Index and the Normalized Difference Built-up Index to explicitly represent vegetation and built-up characteristics.
Quantitative evaluation showed that all deep learning models performed well, with R? exceeding 0.94 in all experiments. The U-Net
architecture achieved the highest predictive accuracy, with the lowest mean squared error (MSE = 0.0006954). Notably, the lightweight
convolutional neural network (CNN) proved to be a highly competitive alternative (MSE = 0.0006998), requiring approximately four
times fewer parameters and delivering roughly twice the inference speed of the deeper U-Net and ResNet models. In contrast, complex
models such as EfficientNet and ResNet showed diminishing returns in accuracy relative to their design complexity, while classical
machine learning baselines (Random Forest and XGBoost) failed to capture spatial configurations robustly. These findings demonstrate
that increasing network depth does not necessarily improve performance in spatial fractional regression. Therefore, model selection

should balance predictive accuracy against computational and environmental costs.
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1. Introduction

Spatial information on population density and land use is a
crucial instrument for supporting targeted spatial planning poli-
cies under the framework of Sustainable Development Goals
(SDGs). This is because accurate density data enable policymak-
ers to predict future land consumption to ensure the sustainability
of urban land resources. Recently, density estimation has shifted
from conventional statistical methods, such as linear regression,
to the use of machine learning (ML) models, such as Ran-
dom Forest (RF), which have proven more effective at capturing
connectivity and density variations in new development areas [1].

In heterogeneous metropolitan regions, population distribu-
tion is found to be far more influenced by socioeconomic features,
such as point-of-interest (POI) density and building volume, than
by natural environmental factors. The utilization of ensemble
learning techniques through stacking models has been proven to
be capable of producing high-precision population spatialization
at the pixel scale in dense metropolitan areas [2]. Accordingly,
deep learning (DL) has become the primary trend in the semantic
segmentation of urban features, where encoder—decoder archi-
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tectures, such as U-Net and Attention mechanisms, have been
identified as the most effective methods for extracting building
objects and infrastructure [3].

The implementation of the U-Net model has been vali-
dated in various contexts, including the mapping of Urban Green
Spaces (UGS) at the metropolitan level, with an overall accuracy
(OA) of 97% using very-high-resolution satellite imagery [4]. The
superiority of the U-Net architecture is also evident in its ability
to segment cityscape elements with an average accuracy of 96.4%,
which is critical for the development of robotic navigation sys-
tems and visual urban environment understanding [5]. However,
a primary challenge in detailed urban-object analysis is the limited
resolution of freely available satellite imagery [6].

In particular, the optimal use of DL-based super-resolution
frameworks can improve the definition of buildings in medium-
resolution imagery [6]. As a result, optical and synthetic aperture
radar data fusion strategies have also demonstrated higher pre-
cision in mapping building footprints as well as road networks
than using a single type of sensor [7]. In addition, OpenStreetMap
(OSM)-based automated data such as w/o trained DL on a global
scale can be used to generate labels directly for training [8],
which improves mapping efficiency of impervious surfaces in the
infrastructure.

© The Author(s) 2026. Published by BON VIEW PUBLISHING PTE. LTD. This is an open access article under the CC BY License (https://creativecommons.org/
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In rapidly urbanizing regions, the use of aerial photography
from drones allows for the automated estimation of the build-
ing coverage ratio (BCR) with an accuracy exceeding 94% [9].
Additionally, unsupervised DL methods have been developed to
generalize urban forms without dependence on manual labeling
and are capable of consistently describing the physical distribution
of buildings [10]. Dynamic monitoring of infrastructure growth
can also be performed using transfer learning (TL) techniques
to detect urban changes based on a comparison of segmentation
masks over time [11].

Architectural innovation continues to evolve with the emer-
gence of transformer-based models, such as Swin-U-Net, which
demonstrate superiority in capturing complex spatial details com-
pared with conventional convolutional neural network (CNN)
models [12]. Although labeled data are often limited, fine-tuning
strategies on pretrained models have proven effective in increas-
ing land-use classification accuracy [13]. Furthermore, density
modeling has been integrated with city vitality predictions to
understand the continuous interaction between physical morphol-
ogy and human movement flows [14]. Theoretically, these density
estimations are supported by flexible generative frameworks for
modeling various types of complex data [15].

Most prior research trained on one task type (for instance,
image classification or object detection) as a single architecture
and did not compare modern models like EfficientNet, ResNet,
or U-Net concurrently across broader density estimation tasks.
In addition, the problem of spatial generalization from one geo-
graphic region to another is still one of the largest barriers
to adopting DL models in remote sensing practice. Thus, the
objective of this research is to understand the generalizability
in urban density estimations of various model architectures that
could provide a more accurate and robust prediction throughout
heterogeneous regions such as the Jabodetabek area in Indonesia.

2. Literature Review

The development of a roundtrip framework for density esti-
mation based on deep generative neural networks has successfully
combined the generative power of models, such as generative
adversarial networks (GANSs), with the ability to provide accurate
density value estimations. This model is capable of general-
purpose density estimation without requiring strict architectural
constraints, making it more flexible for various types of complex
data than previous neural density estimators [15].

A systematic review and meta-analysis of various studies
on the semantic segmentation of urban features indicated that
encoder—decoder architectures, such as U-Net and Attention mech-
anisms, represent the most effective primary trends. The greatest
challenges identified in this analysis are the heterogeneity of satellite
data and the scarcity of well-annotated training data for detecting
elements such as buildings, roads, vegetation, and water [3].

Mapping UGS at the metropolitan level using very-high-
resolution satellite imagery and DL techniques for semantic
segmentation has achieved an OA of 97%. This study demonstrated
that the U-Net architecture with various encoders is capable of
mapping and categorizing UGS into five specific types: road green
belts, residential parks, roundabouts, squares, and city parks [4].

The detection of building footprints and roads in high-
resolution satellite imagery can be enhanced by modifying the
U-Net architecture using a ResNet-34 backbone. The inte-
gration of optical data from Sentinel-2 and radar data from
Sentinel-1 has proven to be superior in producing maps with a
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2.5 m (sub-pixel) resolution, which is four times more detailed
than the native resolution of the input imagery [7].

Automated detection of impervious surfaces using DL can
be performed efficiently by leveraging OSM data as automated
labels to generate large-scale training datasets. The U-Net model,
combined with satellite band features and statistical indices,
yielded the best results, with an accuracy of 92.46% in predicting
impervious surface fractions across various terrains [8].

The BCR in rapidly urbanizing areas can be estimated using
the ResNet101-based Mask R-CNN model. BCR estimates from
drone-acquired aerial photos can classify structures over extensive
regions in a relatively short time frame, with median classification
accuracy exceeding 94% at the block scale and 99% at the parcel
scale [9].

Although DL is a possible contender, the general break-
throughs in the overall ML field suggest that there are many
nonlinear families that can achieve high-accuracy modeling very
well. Relatively simple architectures of recurrent neural net-
works can be used with great accuracy to predict high-frequency
price indices [16]. Moreover, research on agricultural commodi-
ties indicates that nonlinear autoregressive neural networks have
the capability to learn complex dynamics while providing stable
low-level prediction error rates [17].

Apart from neural networks, there are other advanced statis-
tical learning approaches that compete well regarding the capacity
to model complex patterns. Bayesian optimization has shown
promise and effectiveness in the daily prediction of regional
commodity price index using Gaussian process regression mod-
els [18]. The Vector Error-Correction Modeling combined with
directed acyclic graphs, which are suited for analyzing spatial
interrelationships, combines rigorous criteria for determining
contemporaneous causal direction in regional markets [19]. Fur-
ther, composite forecasting and ensemble models based on a
number of trimming strategies have been pushed as a way to
diversify against model misspecifications and outperform across
horizons [20, 21].

A new unsupervised DL method, the Multiscale Residual
Convolutional Autoencoder, was developed to generalize urban
forms without depending on manual labels. This study success-
fully identified urban form clusters capable of explaining much of
the height and area distribution of buildings with very low image
reconstruction error rates [10].

High-precision population spatialization in metropolitan
regions can be achieved using the GXLS-Stacking model, which
integrates the gradient boosting decision tree (GBDT), XGBoost,
LightGBM, and support vector regression (SVR) algorithms.
Analytical results show that socioeconomic features, such as
POIs and building volume, exert a far more dominant influence
(99.54%) on population distribution than natural environmental
features [2].

Urban change detection using aerial imagery can be opti-
mized using the U-Net architecture with a ResNet-101 backbone
and TL techniques. This methodology is effective for identifying
both new and demolished buildings by automatically comparing
segmentation masks from different time periods [11].

Earlier investigations also confirmed that RF-based models
are better at estimating differences in urban population den-
sity than using traditional linear regression. Of the many factors
studied in population density estimation, new development area
density variations and regional connectivity level are the most
significant ones [1].

The comparison of different super-resolution frameworks
leveraging DL approaches with respect to Sentinel-2 imagery
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showed that GAN-based methods like the enhanced super-
resolution generative adversarial network (ESRGAN) yield the
sharpest visual textures. Nevertheless, CNN-based architectures
such as the residual channel attention network (RCAN) and
the enhanced deep super-resolution network (EDSR) give more
stable quantitative accuracy for better resolution improvement of
building and infrastructure shapes in dense urban areas [6].

Research has shown the suitability and effective learning
of transformer-based architectures, for example, the Swin-U-
Net to capture complicated spatial details in high-resolution
imagery for land-use classification. With regard to dense pixel-
wise classification, the performance of Swin-U-Net significantly
outperforms conventional CNN-based models, that is, the fully
convolutional network (FCN) or SegNet; their respective over-
all accuracies achieved by using basic features from one source
change by approximately 50.0% on the Australian benchmark
across different urban-object categories in Cityscapes [12].

The U-Net architecture was further confirmed by perform-
ing semantic segmentation of urban elements in the Cityscapes
dataset, capturing complex aspects like as roadways, walkways,
and vegetation. The average accuracy of this model was 96.4%;
therefore, it is proper to use it as a reliable solution for applications
of robotic navigation and urban environment scene understanding
from street-level vision [5].

The fine-tuning of Inception-v3 using TL is particularly
powerful for land-use classification, even with few labeled sam-
ples. This allows models to use learnt features from ImageNet
and other large datasets and obtain state-of-the-art outcomes in
summarization for urban land scene categories [13].

The Urban Vitality Prediction Network model, which inno-
vatively includes squeeze-and-excitation (SE) blocks and residual
connection with coordinate attention (RCA) bottlenecks, is capa-
ble of predicting urban vitality at the regional scale. This approach
significantly decreases the prediction errors for the static popula-
tion density and dynamic pedestrian flows, assuming road networks
are the main factors that determine population density [14].

In summary, although numerous research have shown the
great potential of DL for urban feature mapping from high-
resolution satellite images, there are some fundamental limitations
on which this study is built. First, conventional ML and classical
statistical approaches are not well suited to model the nonlinear
spatial interactions and extremely varied population distribution
patterns that take place inside metropolitan regions.

Second, previous studies have mainly used a single model
architecture for specialized classification or segmentation tasks
(e.g., green spaces vs. building footprints) and have therefore been
comparatively limited by not trying to produce code by evaluat-
ing similar contemporary models like EfficientNet, ResNet, and
U-Net as well across broader density-estimating goals.

This study thus rationalizes the choice of DL, not just as a
simple default selection but as an informed decision over other
strong (nonlinear) modeling techniques such as Gaussian pro-
cess regression or ensemble methods. In this comparison, the
unique ability of CNNs to perform feature extraction is specif-
ically weighed against the efficiencies achieved by conventional
non-DL ML models that can also handle spatial data.

3. Research Methodology

The workflow of our study is shown in Figure 1, and each
color corresponds to a step in our research procedure. The steps
involved were data collection, dataset preprocessing, model build-
ing, and evaluation process. First, we collected and preprocessed
the relevant data to ensure a suitably high-quality dataset. Next,
modeling was done on four models with various architectures:
CNN, EfficientNet, ResNet, and U-Net. The mean squared error
(MSE) training and validation loss curves were used to evaluate
these models. In addition, the models were evaluated on the test
dataset and then analyzed using regression plots between predic-
tions and ground truth. Lastly, residuals and absolute residuals
vs. actual values were examined.

Figure 1
Research workflow
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3.1. Data collection

The area of interest for the defined study is Jakarta and
its respective follow-agency cities (Bogor, Depok, Tangerang and
Bekasi — Jabodetabek) as presented in Figure 2, where the red,
green, and blue blocks denote the western, central, and eastern
partitions used for training, validation, and testing, respectively.
This region was chosen for its high heterogeneity, which we
expect will enable the models to generalize well. Data from the
Sentinel-2 satellite and European Space Agency (ESA) WorldCover
were retrieved through the Google Earth Engine (GEE).

Sentinel-2 is an extensive multispectral instrument with sen-
sors primarily used in Earth surface observation, maintaining the
capacity for high resolution, wide coverage, and high geometric
performance [22]. ESA WorldCover is a global land cover map from
2020 at 10 m resolution, based on Sentinel-1 and Sentinel-2 data
[23]. Both of the datasets were collected in 2020. A close-up view of
both satellite datasets is shown in Figure 3. For ESA WorldCover,
the redder areas represent population/built-up density.

The present study considers fractional regression—a statis-
tical technique that is specifically designed to analyze dependent
variables in the form of fraction/proportion/percentage and lies
within the limits of [0,1]. You are trained on 0 output: Your input
was primary Sentinel-2 data, and the reference (ground truth)
was ESA WorldCover. We used five Sentinel-2 bands, which were
B2 (blue), B3 (green), B4 (red), B8 (near infrared), and Bl11
(short-wave infrared 1).

Nevertheless, these raw bands are by themselves not entirely
sufficient to capture the land cover characteristics optimally as
models typically benefit from having derivative features that

represent certain physical phenomena explicitly. Thus, spectral
indices—Normalized Difference Vegetation Index (NDVI) and
Normalized Difference Built-up Index (NDBI)—were added as
auxiliary features in this study (see Figure 4).

Reliable NDVI time series data are key in supporting veg-
etation condition and providing insights into the relationship
between environmental forcing and the status of vegetation
growth, productivity, biodiversity, and plant health [23, 24]. The
NDBI is analogous to the NDVI and was developed to high-
light built-up areas, exploiting the higher reflectance of built-up
surfaces in the short-wave infrared (SWIR) band relative to the
near-infrared (NIR) band [25]. Based on NDVI and NDBI den-
sity results, a significant loss of vegetation land and a substantial
gain in urbanization (and built-up) land use were reported [26].
Mathematically, they are formulated as:

NIR — Red
DVl = ———— 1
NDY: NIR + Red M
SWIR — NIR
NDBI = SWIR + NIR )

Since deriving the data from GEE must not interfere with the
experimental design, some preprocessing steps were performed in
this instance. In order to reduce the presence of atmospheric arti-
facts, a cloud cover threshold lower than 10% was applied to the
Sentinel-2 collection, and invalid pixels were corrected based on a
median composite method over time to obtain a clean spectral sig-
nature throughout the whole study area. The data were then split
into three geographical regions: west, central, and east (Figure 2).
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Figure 2
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Figure 3
(a) Sentinel-2 satellite imagery and (b) built-up area of Jakarta city

(b)

emahabang

parskansop. | Purwakarta

94
me\n"i’“.(_

Nemala

ran

9 4 e
Cibadsk , Benghung

Figure 4
Normalized difference indices: (a) NDVI and (b) NDBI

As amatter of fact, spatial autocorrelation represents a serious
problem that we solved by keeping a certain buffer zone between
the western (training), central (validation), and eastern (testing)
partitions. This was done to prevent adjacent patches from having
the same spectral information due to spatial continuity by masking
out pixels located within a predetermined distance from the borders.
Finally, the resulting eight-band image (B2, B3, B4, B8, B11, NDVI,
NDBI, and the built-up mask) was clipped to the three partitions
and exported from GEE to Google Drive at 10 m resolution,
from which three GeoTIFF (.tif) files (west, central, and east) were
downloaded.

3.2. Data preprocessing

After data gathering, datasets were preprocessed. Three
maps were categorized as training (west), validation (central),
and testing (east) maps. For the patch extraction process, the
raster images were extracted as patch-based samples of size
128 x 128 pixels. This patch size was chosen since it is large
enough to maintain the structural texture and spatial context of

Jabodetabek Urban Blocks, while preventing overhead in terms
of DL architecture receptive fields. The extraction process was
randomized to generate a specific number of discrete samples
for each geographical region, yielding a total of 4,600 patches.
This dataset size was precisely partitioned into 3,000 samples for
the training set (west partition), 800 samples for the validation
set (central partition), and 800 samples for the testing set (east
partition).

The label for each extracted patch was computed as the
average of all built-up pixels within that specific patch, which
successfully yielded a target variable bounded between 0 and 1,
mapping to the fraction of the built-up area. Furthermore, Z-
score normalization of features was performed based on the mean
and standard deviation calculated from the training set only to
completely avoid data leakage. This statistical step involved clip-
ping extreme outliers in the spectral data to significantly improve
numerical stability and to avoid skewed normalization parame-
ters. Finally, to utilize this dataset with the DL model, the arrays
were converted into PyTorch tensors and stored securely within a
Dataloader structure.
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3.3. Modeling

At training time, the training data were shuffled to add some
variation during learning from epoch to epoch while keeping valid
and test data unshuffled so that evaluation was stable. Batching
was done with a batch size of 32 samples per iteration.

3.3.1. CNN

Figure 5 shows that the model uses a CNN architecture for
regression with a 7-channel multispectral input. It consists of four
ConvBlocks, each containing two Conv2D layers (3 X 3 ker-
nel, padding = 1), batch normalization, and rectified linear unit
(ReLU). The first three blocks used 2 x 2 Max Pooling, whereas
the fourth block omitted pooling to preserve the feature informa-
tion. The number of feature channels increased from 32 to 64,
128, and 256 channels. Adaptive Average Pooling is then used to
reduce the feature map to 1 X 1 per channel before flattening it
into a feature vector. The final part was a fully connected layer
(256-128-1) with ReLU and dropout (0.3).

3.3.2. EfficientNet

Figure 6 shows the model based on EfficientNet modified
for regression. The first convolutional layer was adjusted for a 7-
channel input. The backbone consists of MBConv blocks with
ImageNet-pretrained weights. The default classification layer was
replaced with an identity layer, and a regressor head consisting
of dropout (0.3) and a fully connected layer (1280-1) was added
to 1t.

3.3.3. ResNet

Based on ResNet in Figure 7, this architecture uses residual
blocks with shortcut connections to maintain gradient stability.
Each block consists of two 3 X 3 convolutions, followed by batch
normalization and ReLU. The number of feature channels was
increased from 64 to 512. After feature extraction, global average

pooling (GAP) was applied, followed by a regressor head with two
fully connected layers (512-128-1) and dropout (0.3).

3.3.4. U-Net

Specifically, the U-Net architecture has been modified from
semantic segmentation to the regression-based urban density
estimation task in this study. The structural modality of the
modified architecture shown in Figure 8 inherits both the hier-
archical feature extraction (i.e., encoder—decoder structure) and
skip connections, thus denoted as UNetRegressor.

In this study, however, the standard classification head was
swapped for a regression-based one. More specifically, the final
output from the decoder is passed through a GAP layer to convert
these multi-scale spatial features into a high-level feature represen-
tation and is lastly passed through some dense layers with linear
activation. We used an adaptation that makes the model predict
a single value (between 0 and 1), which corresponds to the esti-
mated density, rather than a pixel-wise class map, which ensures
fair comparison methodologically as well with other architectures
based on regression since it can then be evaluated like a simple
regression task for continuous distributions.

The training of all models was done using the MSE loss func-
tion and Adam optimizer. A ReduceLROnPlateau scheduler was
employed to multiply the learning rate by 0.5 when the validation
loss did not improve for five epochs in a row. A maximum of 200
epochs and early stopping if the validation loss did not improve
within the last 20 cycles. For models with outputs that were spa-
tially map-like (B 1 H W), a global mean was applied to produce
a single prediction value per sample before MSE calculation.

In addition to the DL architectures, two nonlinear classical ML
algorithms, like Random Forest Regressor and XGBoost Regressor,
were integrated as baseline benchmarks to validate the necessity of
deep representation learning. Unlike the convolutional networks
that process 4D spatial tensors, these classical models ingest tabular
features derived by computing the mean spectral values across all
seven input channels for each individual patch. This structural

Figure 5
ConvBlock and CNN regression architecture
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Figure 6
EfficientNet architecture
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Figure 7
ResNet block and ResNet regression architecture
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transformation reshapes the spatial dimensions into a distinct 2D
matrix of 3,800 x 7 for the combined training pool and 800 X 7 for
the testing set, ensuring an equitable evaluation baseline utilizing
the exact same spatial sample partitions.

To guarantee full experimental reproducibility, all compu-
tational modeling was executed using Python (v3.11.14) and
PyTorch (v2.11.0) frameworks. The hardware environment was

ResNet Regressor Architecture ('ResNetRegressor’)
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accelerated by an NVIDIA GeForce GPU backed by a CUDA
runtime library. During the optimization process, the initial learn-
ing rate for the Adam optimizer was strictly set to 10™* with a
weight decay coefficient of 107 to prevent overfitting. All archi-
tectural structures were initialized with a fixed random seed of
42 to ensure completely deterministic weight updates across all
comparative runs.
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Figure 8
U-Net architecture
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3.4. Evaluation

The training and validation loss curves (MSE) were used
to evaluate model performance, monitor convergence, and deter-
mine overfitting [27]. After that, we can evaluate models on the
test set and print the following metrics: MSE, root mean squared
error (RMSE), mean absolute error (MAE), and coefficient of
determination (R?). Our exploratory data analysis was visual,
using plots of prediction vs. real, residuals distribution, and abso-
lute error against actual value. In addition, the relative root mean
squared error (RRMSE) was computed to offer a normalized
measure of error magnitude relative to the observed average den-
sity, enabling enhanced comparability across architectures and
scales.

In the scope of evaluation, a computational cost analysis
has been added to provide a fair assessment of the accuracy-
complexity trade-off. It involved quantifying model complexity
in terms of trainable parameters and Floating Point Operations
(FLOPs), along with operational efficiency metrics like Total
Training Time and Inference Time (ms/sample) evaluated on the
same hardware configurations.

Finally, a paired t-test was performed to see if the changes
in performance were statistically significant with respect to the
absolute inaccuracy of the model predictions. Thus, this statisti-
cal rigor provides a clear answer to whether the efficiency gains of
simpler architectures (e.g., the CNN) involve a statistically signif-
icant sacrifice in terms of predictive accuracy or indeed provide
a pragmatically appropriate solution for large-scale urban density

mapping.
4. Result and Discussion

The experimental results and performance analysis of the
proposed models in this study are presented in this section. We
evaluated all architectures listed in Table 1 with the training, val-
idation, and testing data. The performance of these models was
quantitatively analyzed through MSE, RMSE, MAE, R2, and
the correlation coefficient (r). In addition, graphical analysis was
carried out for comparing predictions with the actuals, distribu-
tion of residuals, and pattern of absolute errors, allowing a more
thorough interpretation of the capacity of the model to predict
target values.

Table 1
Model evaluation metrics against test data

Model MSE RMSE MAE R? Target Range Baseline MSE
Random Forest 0.0100904 0.1004509 0.0592754 0.6481569 0 to 0.8621 0.0297924
XGBoost 0.0107155 0.1035156 0.0619109 0.6263605 0 to 0.8447 0.0297924
CNN 0.0006998 0.0264533 0.0150991 0.9748958 0 to 0.84936523 0.0278749
EfficientNet 0.0017097 0.0413490 0.0263083 0.9432946 0 to 0.8985596 0.0301513
ResNet 0.0010596 0.0325518 0.0189541 0.9683899 0 to 0.86639404 0.0335215
U-Net 0.0006954 0.0263702 0.0156074 0.9782967 0to 0.857666 0.0320407
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Figure 9 shows the training process and convergence ten-
dency of four evaluated models (MSE curves). The first training
epoch across all architectures had a high loss that dropped
quickly, indicating its learned the basic structure of urban density
from multispectral data quickly. In fact, the differences between
training and validation curves were small for all models despite
partitioning the dataset geographically into western, central, and
eastern sections, which confirmed robust spatial generalization
without major overfitting.

When we performed a comparative analysis of the con-
vergence rates, we noticed different behaviors according to the
architectural complexity. The CNN demonstrated a fairly consis-
tent learning behavior, and MSE values converged and stabilized
as early as around the 15th-20th epoch. Complex models like
EfficientNet and ResNet showed huge shifts and very big spikes
in their validation curve in the early epochs. Such discrepancies
might be attributed to the weight normalization necessary for
deeper networks; that is, they are more sensitive to the distribu-
tion of the validation data in early epochs. Both models suffer
from pole instabilities at the beginning of training but reach zero
loss after 10 epochs in the stable state.

The U-Net design has a fast learning rate; the loss for both
training and validation drops rapidly, nearly immediately. The
model converged around epoch 15, with the entire loss hitting
convergence. It observed slight fluctuations in the mid-epochs,
probably owing to variances in sample distribution.

The overall study time also highlights the efficiency trade-off
between the two. EfficientNet took the longest to train, tak-
ing 98 epochs. Since its “compound scaling” technique is more
sophisticated, a lengthy setup was needed to get it optimal.

On the other hand, these CNN (65 epochs), ResNet (50 epochs),
and U-Net (50 epochs) converged in fewer epochs. This coop-
erative manner shows that all the frameworks tested adaptively
learn from all features, and this dynamic process of learn-
ing, even when model complexity requires more training time
than others, ensures that learning captures very complex non-
linear spatial and spectral relationships within the Jabodetabek
landscape.

As summarized in Table 1, the quantitative evaluation across
the independent test dataset indicates that all DL configura-
tions achieve robust spatial generalization capabilities, with R?
scores exceeding 0.94. Structurally, while the multi-scale spatial
aggregations within the U-Net architecture secure the abso-
lute peak accuracy metrics, the baseline performance of the
CNN demonstrates that simpler, lightweight networks are highly
viable and structurally efficient for mapping core physical urban
distributions.

We show the quantitative evaluation of the models on an
unseen test dataset in Table 1. Results All architectures show great
generalization (all R2 > 0.62), providing evidence that models can
explain the vast majority of variation in urban density across the
heterogeneous Jabodetabek region.

According to our latest results, the U-Net architecture
achieves the best overall performance, securing the highest
explanatory power (R2 = 0.9782967) and the absolute lowest
error metric (MSE = 0.0006954). The CNN came a close sec-
ond as being competitive with an R? of 0.9748 and MSE of
0.0006998. Recent studies further support the notion that U-Net
yields a high level of accurate segmentation, using the same archi-
tecture that was trained with 87% average accuracy on study

Figure 9
Training and validation curves: (a) CNN, (b) EfficientNet, (c) ResNet, and (d) U-Net
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area segmentation of building footprint as city elements [28], val-
idated multi-temporal metropolitan green space mapping with
an average accuracy of 96.3% [29], and predicted impenetrable
ground cover fractions globally achieving accompanied accuracies
(92.46%) [30].

ResNet and EfficientNet (RZ = 0.9683, R2 = 0.9432) con-
tinued to perform well. Yet, the marginally lower performance
of these models against the CNN and U-Net—as evidenced by
their higher MSE and MAE scores—suggests that more com-
plex, deeper core architectures do not always translate to a greater
increase in accuracy for fractional regression problems. This offers
an important counterpoint to recent trends; for example, [31]
observed that transformer-based models (e.g., Swin-U-Net) out-
performed classical CNNs in capturing complex spatial details,
but our findings show that a well-optimized U-Net or lean CNN
can yield close-to-optimal results. This coincides with conclusions
drawn by [32] that architectural depth cannot be the only way to
achieve high performance where some urban land scene categories
are concerned.

Crucially, the addition of classical ML baselines intro-
duces a substantial benchmarking contrast. While both RF
(R% = 0.6481569) and XGBoost (R% = 0.6263605) provide stable
convergence, their descriptive capabilities remain notably inferior
compared to any of the evaluated DL architectures. This distinct
gap mathematically validates that deep representation learning is
essential for high-fidelity mapping, as flattening spatial config-
urations into tabular mean metrics strips away local structural
textures and pixel-to-pixel geometric hierarchies.

Additionally, as shown in Table 1, it can be observed that
the predicted “Target Range” is different (0-0.849 for CNN and
0-0.898 for EfficientNet). This variation arises due to different
saturation points of each model after inference on the same test
set. All models obtained significant reductions in error compared
with the baseline MSE, with ~40x reduction for both CNN and
U-Net, confirming that DL indeed captures the complex nonlin-
ear spatial and spectral relationships necessary to estimate urban
density accurately.

The relationship between architectural complexity and pre-
dictive performance is presented in Table 2. One main finding
was the relative failure of EfficientNet-B0, which achieved the
largest RRMSE (39.74%), even compared with architectures that
have relatively less advanced structural designs. The reason why
this result was achieved lies in its “compound scaling” mecha-
nism, which is mainly tuned for high-resolution natural image
classification.

Given the task it is exposed to, urban density mapping,
with input being a multispectral patch surrounding every pixel of
interest, this complexity will probably lead to overfitting. It also
suggests that the inefficient refinement of EfficientNet’s complex
feature-refinement mechanism may have introduced large amounts

of model noise into its predictions, making it more difficult for
this algorithm to extrapolate well across such a heterogeneous
landscape as Jabodetabek compared with CNN, which extracts
features in a much more straightforward manner given input data
already enriched with spectral indices (NDVI and NDBI) explicitly
representing built-up and vegetation characteristics.

The comparative footprints regarding trainable parameters,
FLOPs, and operational runtime in Table 2 offer a compelling
quantitative justification for adopting streamlined architectures.
The most structurally complex deep architecture, U-Net (4.76
million parameters and 3.40 GFLOPs), yields the lowest RRMSE
(24.59%), yet it provides only a marginal accuracy enhancement
over the baseline performance of the CNN, which processes
the fixed 128 x 128pixel spatial dimensions with far fewer
constraints.

On the other hand, the CNN delivers a near-optimal pre-
dictive balance. It remains nearly four times lighter in structural
payload and twice as fast during inference (0.4165 ms/sample)
compared to its more complex U-Net and ResNet counterparts.
Furthermore, the classical ML baselines (RF and XGBoost)
demonstrate the extreme boundary of this computational trade-
off; while they exhibit near-instantaneous training milestones
(under 0.003 minutes) and negligible inference latencies, their
predictive errors spike drastically (RRMSE>88%). For regional
urban density mapping from multispectral imagery, these holistic
benchmarks quantitatively demonstrate that escalating architec-
tural complexity causes diminishing returns, wherein substantial
surges in computational overhead yield only marginal, saturating
improvements in localized predictive performance.

In Table 3, a paired t-test was executed on the absolute pre-
diction errors to evaluate whether performance variations across
models were statistically significant. The results indicate a dis-
tinct dichotomy in error distributions. The performance of the
CNN is statistically unique and significantly different compared
to all other architectures, confidently rejecting the null hypothesis
(p < 0.001). Conversely, comparisons among the deeper net-
works, namely, EfficientNet vs. ResNet (p = 0.126), EfficientNet
vs. U-Net (p = 0.612), and ResNet vs. U-Net (p = 0.308), fail to
reject the null hypothesis, demonstrating that their error variances
are not statistically significant.

These statistical bounds substantiate our conclusions regard-
ing architectural diminishing returns. While U-Net achieves the
absolute lowest error metrics, the high p-values among the heavier
models confirm that expanding network depth or adding com-
plex feature-refinement blocks yields functionally equivalent error
behaviors. Crucially, the highly significant p-values associated
with the CNN prove that its competitive performance is not due
to stochastic sampling luck on the test dataset, validating it as a
highly robust and computationally realistic option for large-scale
urban density mapping.

Table 2
Quantitative comparison of model complexity, computational efficiency, and predictive accuracy
Random

Metrics CNN EfficientNet ResNet U-Net Forest XGBoost
RRMSE 26.71% 39.74% 28.74% 24.59% 88.69% 91.40%
Params 1,208,353 4,009,981 4,932,673 4,757,313 N/A N/A
Flops 0.8715G 0.1403G 3.5197G 3.4039G N/A N/A
Inf. Time 0.4165 0.5511 0.9986 0.7842 0.0221 0.0015

ms/sample ms/sample ms/sample ms/sample ms/sample ms/sample
Total Training 3.55 mins 7.27 mins 7.71 mins 5.38 mins 0.0026 mins 0.0008 mins

Time
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Table 3

Pairwise paired t-test matrix (p-values) computed from the models’ absolute prediction errors
Model CNN EfficientNet ResNet U-Net
CNN - <0.001 <0.001 <0.001
Efficient Net <0.001 - 0.126 0.612
ResNet <0.001 0.126 - 0.308
U-Net <0.001 0.612 0.308 -

The comparative data in Tables 2 and 3 shifts the argument
for the simpler CNN from qualitatively based to quantitatively
backed. Showcasing a statistically powered approach that results
in a model with an order of magnitude fewer parameters and
requiring 26 X fewer GFLOPs than previous versions achieves
statistically better or equivalent results, paving the way for urban
remotely sensed research to adopt sustainable computing prac-
tices. This reduces the computational burden and, consequently,
the energy consumption and carbon footprint associated with
training and deploying large ML models, thereby supporting
UN Sustainable Development Goals 9 (Industry, Innovation and
Infrastructure) and 13 (Climate Action).

Figure 10 includes a detailed view of regression performance
for the four architectures studied. The distribution of data points

over all subplots was strikingly close to the ideal diagonal line
of 1:1 and exhibited significant prediction power over the var-
ied urban landscape of Jabodetabek. The visualization of points
accumulating in the lower range (0.0-0.4) corresponds to the dis-
tribution that predominates the test set, where all models could
predict low-to-medium fractions of urban classes at a state with
very high stability and little variation. The scatter decreases as the
predicted values approach these limits.

In contrast, these subplots showed the different behavioral
patterns associated with architectural complexity. Figure 10(a)
and (d) present the most compact clustering around the diagonal,
with the highest R? values of 0.9748 (CNN) and 0.9782 (U-Net),
respectively. The linear trend of the fit indicates that these models
may be used to predict the basic link between spectral signatures

Figure 10
Prediction vs. ground truth per model: (a) CNN, (b) EfficientNet, (c) ResNet, and (d) U-Net
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and physical built-up density with little error and are very efficient.
On the other hand, the plots of Figure 10(b) and (c) reveal more
dispersion of residuals as the urban density increases. A larger
value suggests a higher degree of heteroscedasticity, implying that
the predictive variance increases in more complicated high-density
metropolitan settings.

Figure 10 highlights the consolidated nature of recent
designs; deeper models like EfficientNet and ResNet have a big-
ger capacity in theory but are also more quickly caught by
local variance and were more affected by “model noise” for
densities over ~900. On the other hand, U-Net and the sim-
pler CNN were able to obtain a significantly more stable error
profile over the whole range of urban fractions. Lastly, visu-
ally demonstrating that structural optimization, such as the
U-Net’s encoder—decoder transformation or direct extraction in
CNN-regression, is typically the weakest link for consistency
and correctness is more significant than architectural depth, even
for successful multispectral-based urban density mapping.

Figure 11 (a)-(d) plot the residual error distributions to
explore the statistical reliability of the four architectures. For all
models, the residuals had no departures from zero in the center
and a normal distribution approximating a stochastic error term,
indicating that prediction errors were not related and that the
models did not show any systematic bias. Such normalcy helps the
models to successfully learn the underlying spatial and spectral
fingerprints in Jabodetabek’s heterogeneous region.

The subplots help in the comparison, as Figure 11(a) and (d)
have much higher precision, both with taller and thinner residual
peaks. This high concentration of errors near zero reflects their
good predictive metrics, especially the R? of U-Net (0.9782) and
CNN (0.9748). We see that both the encoder—decoder structure of

U-Net and the more direct feature extraction of a CNN provide
high-fidelity (low dispersion) regression.

However, the Figure 11(b) and (c) distributions were more
dispersed, indicating larger MSE. The RRMSE values are pre-
sented in Tables 1 and 2. However, the increased dispersion of
the residuals in both models implies that the increased archi-
tectural complexity might have contributed some “model noise”
or over-parameterization, resulting in less consistent predictions
than the performance achieved by the relatively basic CNN. It is
notable that all models perform within an overall excellent range,
but Figure 11 simply sets into consolidated visual evidence the
conclusion that both U-Net and CNN are the strongest urban
density estimation frameworks given their apparent reduction in
error variance whilst maximizing predictive stability.

This allows for a detailed diagnosis of the model stability
over the density spectrum. Figure 12 (a)—(d) show the distribution
of absolute errors vs. the urban fraction for green and blue land
covers. The absolute errors were mainly distributed in the low-
to-medium urban fraction region (0.0 to 0.4) for all architectures,
where excellent precision and consistency were found in the mod-
els. This is in accordance with the very low MAE values shown
in Table 1, especially for Figure 12(d) and (a), with MAE values
of 0.0156 and 0.0151, respectively.

Quantitative summaries of the subplots also showed varied
levels of heteroscedasticity with variance in error increasing with
target density. In panels (a) and (d), there is still some absolute
error spread but not nearly as broad even at greater density ranges
of the more advanced architectures, resulting in a considerably
lower RRMSE value of 26.71% in the CNN architecture and
24.59% in U-Net, respectively. This stability suggests the capabil-
ity of the models to make good use of spectral indices like NDVI

Figure 11
Residual error distribution per model: (a) CNN, (b) EfficientNet, (c) ResNet, and (d) U-Net
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Figure 12
Absolute error distribution against ground truth per model: (a) CNN, (b) EfficientNet, (c) ResNet, and (d) U-Net
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or NDBI to ensure reliable classification and less sensitivity to the
structural complexity of dense urban blocks.

However, Figure 12(b) and (c) revealed considerably greater
dispersion of absolute errors in mid-high ranges (above 0.5).
The point spreads in these regions also appear to be bigger
compared to the lower depth models, which is indicative of
them entering a more variance-sensitive zone due to their greater
architectural depth, aligning well with EfficientNet RRMSE at
39.74%. This structure of the distribution is consistent with the
observation that high-capacity architectures lead to lower returns
since deeper models provide additional “noise in the model,”
destabilizing local density estimations. Visually, from Figure 12,
U-Net and the simpler CNN provide superior consistency in
predicting quality vs. error over the varied Jabodetabek landscape.

Overall, this study provides empirical results that stimulate
critical research on how to optimize architectural complexity
under urban remote sensing challenges. Although the U-Net
architecture provides the absolute highest accuracy overall, the
CNN serves as a highly competitive alternative to traditional
high-capacity regression frameworks, performing comparably
while delivering considerably lower memory utilization and min-
imized latency per inference cycle. The structural coherence

0.0 0.2 0.4 0.6 0.8
True Urban Fraction

observed across the scatter plots, residual distributions, and abso-
lute error patterns indicates that when multispectral data are
heavily enriched with domain-specific spectral indices, resolv-
ing regional urban density fractions does not strictly necessitate
excessive architectural depth. This directly demonstrates that a
massive parameter count is not the primary requirement for effec-
tive urban monitoring at scale, but rather the structural viability
of the network layout combined with robust, targeted feature
engineering.

Nonetheless, we must rigorously acknowledge the geograph-
ical limitations of this regional study. Jabodetabek represents
an organically growing, high-density Southeast Asian megac-
ity framework. Consequently, our findings regarding model
efficiency and spectral index utilization may not universally
generalize to global urban morphologies with fundamentally
contrasting spatial structures, such as rigid North American
grid-based layouts or concentric European cores. While the
absence of an independent external validation dataset across a
different continent limits immediate cross-regional claims, this
structural boundary explicitly frames spatial transpositionality
and cross-regional transferability testing as a primary directive
for our future research extensions. However, for spectrally and
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geographically comparable fast-urbanizing regions, the stream-
lined CNN remains a highly viable trade-off between predictive
skill and computational footprint boundaries.

5. Conclusion

We extensively evaluated four DL architectures, namely,
CNN, EfficientNet, ResNet, and U-Net, to jointly regress urban
density from multispectral Sentinel-2 data at a 10 m spatial
resolution integrated with feature-engineered spectral indices.
Quantitative assessment and visual diagnostics demonstrate that all
DL configurations achieved stable convergence without structural
overfitting, executing the spatial fractional regression task with
high numerical fidelity. For each model, the distribution of pre-
diction residuals was zero centered and contracted, demonstrating
that the models are very effective in capturing complex nonlinear
spatial and spectral interactions in heterogeneous Jabodetabek.

Empirical results showed that although the U-Net architec-
ture achieved the maximum absolute accuracy (RZ = 0.9782),
the streamlined CNN emerges as a highly viable and high-
performing alternative (R> = 0.9748958), delivering comparable
predictive fidelity alongside a substantially minimized computa-
tional footprint. The investigation showed that the informative
spectral indices (e.g., NDVI and NDBI) satisfy most of the
information required for the detection of built-up areas, and
hence, there is no need for excessive architectural depth. Conse-
quently, these empirical boundaries suggest a contextual trade-off
regarding architectural complexity, demonstrating that expand-
ing network depth or deploying highly intricate feature-refinement
blocks yields diminishing returns and expanded prediction vari-
ances when processing spatial datasets already heavily enriched
with targeted domain-specific inputs.

In conclusion, this work stresses that the choice of design
should be a deliberate decision reflecting the trade-offs between
predictive accuracy and computational and environmental econ-
omy. However, they are the most practical and scalable of their
types, providing the high-fidelity results we had hoped for in
a smaller footprint than the type of formula, though they can-
not beat sophisticated algorithms such as object-based feature
learning and 3D CNN in estimating impervious surfaces in the
built environment under rapid development in urban regions
because of their speed and weight at scale. While the quantita-
tive outcomes presented in this work are specific to the complex,
organically growing urban fabric of the Jabodetabek metropolitan
region in Indonesia, they offer a strategic foundation for sustain-
able computing practices. Future investigations should rigorously
evaluate the spatial transferability and transpositionality of these
streamlined CNN designs across rigid, grid-based metropolitan
layouts to comprehensively map architectural efficiency bound-
aries under completely distinct structural urban morphologies.

Recommendations

According to our study, the top two suggestions for planning
future research on urban density assessment are (1) to explicitly
address trade-offs between prediction power and computational
efficiency of the model and (2) to enhance the ability of the
model. The empirical evidence suggests that escalating network
complexity does not uniformly translate to performance enhance-
ments in spatial fractional regression. In this investigation, the
streamlined CNN closely approached the peak predictive fidelity
of the U-Net architecture, outperforming more complex models
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(EfficientNet and ResNet) with an R2 of 0.9748958 while
maintaining an optimized computational payload.

It also strongly suggests the extension of linguistic variables
representing physical phenomena, derivative features such as the
NDVI and the NDBI, which have a familiarity domain but do not
belong to it. These indices are related spectral information that
allows the model to more accurately predict built-up area fractions
compared with raw satellite bands alone.
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