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Abstract: The analysis of aerial and satellite images for building footprint detection is
one of the major challenges in photogrammetry and remote sensing. This information is
useful for various applications, such as urban planning, disaster monitoring, and 3D city
modeling. However, it has become a significant challenge due to the diverse characteristics
of buildings, such as shape, size, and shadow interference. This study investigated the
simultaneous use of aerial and satellite images to improve the accuracy of deep learning
models in building footprint detection. For this purpose, aerial images with a spatial
resolution of 30 cm and Sentinel-2 satellite imagery were employed. Several satellite-
derived spectral indices were extracted from the Sentinel-2 image. Then, U-Net models
combined with ResNet-18 and ResNet-34 were trained on these data. The results showed
that the combination of the U-Net model with ResNet-34, trained on a dataset obtained
by integrating aerial images and satellite indices, referred to as RGB–Sentinel–ResNet34,
achieved the best performance among the evaluated models. This model attained an
accuracy of 96.99%, an F1-score of 90.57%, and an Intersection over Union of 73.86%.
Compared to other models, RGB–Sentinel–ResNet34 showed a significant improvement
in accuracy and generalization capability. The findings indicated that the simultane-
ous use of aerial and satellite data can substantially enhance the accuracy of building
footprint detection.

Keywords: deep learning; semantic segmentation; U-Net; ResNet; Sentinel-2

1. Introduction
The analysis of aerial and satellite images for building footprint detection is one of the

major challenges in remote sensing and photogrammetry. This information is valuable for
numerous applications, including urban planning [1], disaster monitoring [2], and 3D city
modeling [3]. In this context, the automatic extraction of building footprint information
from such images has become a key research focus in recent decades [4].

The conventional approach for generating this information relies on ground surveying
and manual data extraction. However, the continuous expansion of cities and the need
for frequent updates of building footprint information have made this process highly
time-consuming and costly [5]. Consequently, there is a growing demand for an automated
method to extract this information from aerial and satellite images. Due to the varying char-
acteristics of buildings—such as shape, color, size, and shadow interference—developing
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accurate, reliable, and fully automated methods for building extraction remains a significant
challenge [6].

In recent decades, numerous studies have focused on extracting building footprint
information using traditional image processing methods, such as shadow-based [7], edge-
based [8], and object-based approaches [9], as well as machine learning techniques [10].

Chen et al. [7] investigated building extraction from high-resolution remote sensing
images using shadow detection. Their proposed method began by applying a simple
linear iterative clustering algorithm to segment the input image into homogeneous re-
gions. The color features of these segments were then extracted using a linear discriminant
analysis-based method to identify shadow areas. Based on the detected shadow locations,
an adaptive strategy was designed for initial point placement and region growing, en-
abling preliminary building identification. Experimental results showed that the proposed
algorithm is more effective, robust, and precise than some competing models, with an
average false alarm rate of 5.51% and an average missing rate of 2.89%. Femiani et al. [11]
focused on extracting building roof information from RGB (red–green–blue) images. Their
proposed method identified buildings based on existing shadows in the images and applied
constraints to determine which areas could or could not be considered roofs. The results
showed an average F-score of 89% compared to 68% and 33%.

Turker and Koc-San [12] proposed an integrated approach for automatic building ex-
traction using a support vector machine (SVM). The dataset included Ikonos pan-sharpened
(PS) and stereo panchromatic images and a 1:1000-scale existing digital vector dataset that
contains contour lines and 3D points. Buildings were identified through binary SVM classi-
fication, with the normalized Digital Surface Model (nDSM) and the Normalized Difference
Vegetation Index (NDVI) included as additional bands in the classification process. For
industrial buildings in the test areas, the proposed method achieved a building detection
rate of 93.45% and a quality score of 79.51%. For rectangular residential buildings, the
average detection rate and quality score were 95.34% and 79.05%, respectively. In contrast,
for circular residential buildings, these values dropped to 78.74% and 66.81%, respectively.

Although all the aforementioned methods have achieved relatively good accuracy in
building detection, they rely on handcrafted features, requiring prior expertise to design
specific features. As a result, they are only effective in specific scenarios. One limitation
of algorithms like SVM is their excessive consumption of computational resources when
applied to large datasets. This can hinder the model’s generalizability during implemen-
tation [13]. Additionally, these methods suffer from sensitivity to noise. They may also
have low accuracy in complex environments and struggle to detect intricate patterns [14],
making them unsuitable for practical large-scale applications.

In the past decade, significant advancements in deep learning, particularly convo-
lutional neural networks (CNNs), have led to remarkable progress in computer vision
and remote sensing image processing [15]. By learning contextual information, CNNs
can automatically extract meaningful semantic features from input data without requiring
prior domain knowledge [16]. Additionally, CNNs offer high generalizability and greater
accuracy compared to traditional methods, making them the state-of-the-art approach for
classification, segmentation, and object detection tasks in remote sensing [17].

Various networks, including fully convolutional networks (FCNs) [18], U-Net [19],
DenseNet [20], ResNet [21], and HRNet [22], have been employed for classification and
segmentation tasks, particularly for building footprint extraction.

For instance, Pasquali et al. [23] focused on optimizing the U-Net architecture to
develop a version capable of achieving high accuracy using a single model and a single
data type. The dataset in this study consisted of Worldview-2 and Worldview-3 satellite
images. Their study demonstrated that appropriate modifications to the architecture and
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effective data augmentation techniques could significantly improve model performance.
The best U-Net architecture resulted in an F1-score of 0.683 and an Intersection over Union
(IoU) of 0.721.

In another study, Zhu et al. [24] introduced a novel architecture called MAP-Net, which,
unlike conventional multi-scale feature extraction methods, employs a multi-path parallel
approach to capture high-level semantic features from RGB images while preserving spatial
resolution. Experimental results showed that MAP-Net outperformed state-of-the-art
methods like HRNetv2 and MA-FCN, achieving notable improvements in F1-score (95.21%,
89.28%, and 93.44%) and IoU (90.86%, 80.63%, and 87.68%) across all datasets, without
increasing computational complexity or requiring pre-training and post-processing.

Gashti et al. [25] evaluated five U-Net models with different depths using RGB aerial
imagery from Berlin, Paris, Chicago, and Zurich, analyzing the impact of training dataset
size and learning rate on model performance. Their results indicated that the U-Net-32-1024
model achieved the best performance, with an IoU of 73.73%, an accuracy of 88.65%, and
an F1-score of 88.53%. Moreover, increasing the size of the training dataset significantly
enhanced model performance.

One key aspect of these studies is that the data used mainly consists of high-spatial-
resolution aerial imagery or high-radiometric-resolution satellite imagery. However, an
important question arises: Can the fusion of different data sources, such as aerial and
satellite imagery, improve model performance?

Ayala et al. [26] attempted to address this question by integrating 10 m Sentinel-2 (S2)
images with 2.5m Sentinel-1 (S1) images to extract building footprints and roads. In this
research, a combination of the U-Net model and ResNet-34 was employed. The results
indicated that S1 alone struggles with road extraction (0.2376 IoU) and performs worse
than S2 for building detection (0.4704 vs. 0.5389 IoU). However, combining S1 and S2 data
improves performance, with IoU scores rising to 0.5549 for buildings and 0.4415 for roads.
This fusion enhances both tasks, as reflected in the metrics (0.4982 vs. 0.4860 avg. IoU) and
visual results.

Despite the advancements in deep learning for building footprint extraction, several
challenges remain:

• Most existing models rely solely on either high-resolution aerial imagery or high-
radiometric-resolution satellite images, limiting their adaptability across
different datasets;

• While deep learning models have demonstrated strong feature extraction capabilities,
they still struggle with occlusions, shadows, and complex urban landscapes, leading
to errors in footprint delineation;

• Previous studies have primarily focused on single-source data (e.g., aerial or satellite
imagery), with limited exploration of how integrating multiple data sources might
enhance model performance;

• Many state-of-the-art models achieve high accuracy at the cost of significant computa-
tional overhead, limiting their real-world applicability.

To address these gaps, the present study does the following:

• Proposes a novel approach that combines aerial and satellite imagery to improve build-
ing footprint extraction, leveraging complementary spatial and spectral information;

• Develops an optimized deep learning framework that integrates multi-source data
without significantly increasing computational complexity;

• Evaluates the impact of data fusion on model accuracy across different urban en-
vironments, offering insights into the scalability and robustness of the approach
and finally;
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• Introduces an enhanced U-Net-based architecture with specific modifications tailored
to multi-source data integration, improving segmentation performance.

The rest of this research is categorized as follows. Section 2 describes the study area,
datasets, the deep learning models utilized, and the training parameters. Section 3 presents
the model’s outputs, evaluates the results, and discusses the study limitations. Section 4
provides the conclusion.

2. Materials and Methods
The conceptual model of the research is shown in Figure 1. Initially, the necessary

data, including Sentinel-2 satellite images, aerial images, and available building footprint
information, are collected. In the satellite data preprocessing section, the required indices
are extracted from the satellite image, and then resampling is performed on these indices
to match the spatial resolution of the aerial images. Two training datasets are then created:
one comprising only aerial images and the other consisting of both aerial images and
satellite indices. Finally, three different U-Net models, utilizing ResNet-18 and ResNet-34
backbones, are trained using these datasets. The performance of these models is compared
to determining the best one.

Information 2025, 16, x FOR PEER REVIEW 4 of 19 
 

 

• Evaluates the impact of data fusion on model accuracy across different urban envi-
ronments, offering insights into the scalability and robustness of the approach and 
finally; 

• Introduces an enhanced U-Net-based architecture with specific modifications tai-
lored to multi-source data integration, improving segmentation performance. 

The rest of this research is categorized as follows. Section 2 describes the study area, 
datasets, the deep learning models utilized, and the training parameters. Section 3 pre-
sents the model’s outputs, evaluates the results, and discusses the study limitations. Sec-
tion 4 provides the conclusion. 

2. Materials and Methods 
The conceptual model of the research is shown in Figure 1. Initially, the necessary 

data, including Sentinel-2 satellite images, aerial images, and available building footprint 
information, are collected. In the satellite data preprocessing section, the required indices 
are extracted from the satellite image, and then resampling is performed on these indices 
to match the spatial resolution of the aerial images. Two training datasets are then created: 
one comprising only aerial images and the other consisting of both aerial images and sat-
ellite indices. Finally, three different U-Net models, utilizing ResNet-18 and ResNet-34 
backbones, are trained using these datasets. The performance of these models is compared 
to determining the best one. 

 

Figure 1. Workflow for building footprint extraction using multi-source data and deep learning 
models. 

2.1. Study Area and Datasets 

The study area in this research is the city of Tabriz (Figure 2), the capital of East Azer-
baijan province in Iran. Tabriz is located at the foothills of the Sahand Mountains, near the 
Aji Chay River. It is situated approximately 630 km northwest of Tehran and serves as a 
key transit point between Iran and European and Central Asian countries. The city boasts 
a combination of old and new buildings, offering a diverse urban landscape. 

Figure 1. Workflow for building footprint extraction using multi-source data and deep learning models.

2.1. Study Area and Datasets

The study area in this research is the city of Tabriz (Figure 2), the capital of East
Azerbaijan province in Iran. Tabriz is located at the foothills of the Sahand Mountains, near
the Aji Chay River. It is situated approximately 630 km northwest of Tehran and serves
as a key transit point between Iran and European and Central Asian countries. The city
boasts a combination of old and new buildings, offering a diverse urban landscape.

The historical areas of Tabriz are characterized by old houses featuring traditional
architecture, some of which have been designated as national heritage sites. In contrast, the
modern sections of the city include high-rise buildings, residential complexes, and commer-
cial centers, all constructed using advanced technologies and designed to be earthquake
resistant. The mixture of historical and contemporary architecture makes Tabriz an ideal
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city for urban studies, particularly for building footprint extraction using deep learning
techniques applied to aerial and satellite images.
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Figure 2. Study area in Tabriz, located in East Azerbaijan province in Iran.

The aerial images used in this study include orthophotos from Tabriz, produced by
aerial imagery with a spatial resolution of 30 cm. The second dataset comprises Sentinel-2
satellite imagery.

Table 1 provides the details of the bands of the Sentinel-2 satellite, which includes
the spectral bands used for various applications such as vegetation analysis, water bodies
detection, and land cover classification.

Table 1. Sentinel-2 bands.

Band Band Name Spatial Resolution (m) Central Wavelength

1 Aerosol 60 443
2 Blue 10 490
3 Green 10 560
4 Red 10 665
5 Red edge 20 705
6 - 20 740
7 - 20 783
8 NIR 10 842

8A - 20 865
9 - 60 945
10 - 60 1375
11 SWIR1 20 1610
12 SWIR2 20 2190

The third dataset consists of vector data for building footprints that were hand-drawn
from aerial photos of the city of Tabriz (Figure 2).
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2.2. U-Net Model

The U-Net model is a deep neural network architecture specifically designed for image
segmentation tasks. It has gained significant popularity due to its outstanding performance
in image processing-related tasks. U-Net is widely used in fields like computer vision
and remote sensing because of its simple yet powerful structure. The U-Net architecture
consists of two main pathways: the encoder and the decoder [19].

The encoder part of the network is responsible for feature extraction and reducing the
dimensionality of the image. On the other hand, the decoder part is responsible for restoring
the image resolution and generating high-precision output maps. A key innovative feature
of the U-Net architecture is the skip connections, which transfer spatial information from
the encoder layers to the corresponding layers in the decoder. This helps preserve spatial
details and improves segmentation accuracy.

Thanks to its effective use of data and skip connections, U-Net performs well even
with limited training data, making it highly efficient in segmentation tasks. This capability
is particularly useful in remote sensing applications, where high accuracy is required to
extract meaningful information from satellite or aerial imagery [27].

2.3. ResNet Model

The ResNet model is one of the most popular and successful deep learning architec-
tures, designed primarily to address the issue of reduced accuracy in very deep neural
networks [21]. The core innovation of the ResNet model is the use of residual connections.
These connections allow the input of a layer to be directly passed to deeper layers without
being altered by the intermediate computations of the earlier layers.

In very deep neural networks, the model’s accuracy often decreases due to learning
issues like vanishing gradients or optimization problems. The residual connections enable
the model to leverage its initial input information in deeper layers, thus improving the
overall performance of the model [28].

By using these residual connections, the network can retain lower-level features from
the input and generate only more significant and complex features in deeper layers. This
makes the learning process more efficient. ResNet models are categorized into different
architectures based on the number of convolutional layers, such as ResNet-18, ResNet-34,
ResNet-50, ResNet-101, and ResNet-152. Deeper networks are capable of extracting more
information from the input data but require more training data and computational power
to be trained effectively [29].

2.4. Combination of U-Net and ResNet

Given the strong performance of the U-Net model in semantic segmentation and the
ability of the ResNet model to enhance model performance and mitigate the vanishing
gradient problem through residual connections, combining these two models allows the
advantages of both to be leveraged. To this end, U-Net has been used as the base model,
while ResNet-18 and ResNet-34 serve as the backbone of the U-Net model (Figure 3).

Using ResNet-18 and ResNet-34 as the backbone in the U-Net model improves the
feature extraction process using residual blocks. These blocks enable the model to learn
and represent more diverse and powerful features, capturing both low-level details, such
as edges and textures, and higher-level concepts like shapes and object relationships. This
capability results in more precise and detailed segmentation outcomes.

Additionally, ResNet-18 and ResNet-34 are computationally efficient, making them
practical choices for applications with resource constraints. This balance ensures that
the model delivers high-quality results without requiring extensive computational re-
sources [30]. Figure 3 illustrates the U-Net architecture with ResNet-18 as its backbone.
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2.5. Model Training Parameters

In the training process of deep learning models, loss functions are used to evaluate
the model’s error. Various loss functions are employed in semantic segmentation, with the
most well-known ones being Binary Cross-Entropy (BCE) [31], Categorical Cross-Entropy
(CCE) [32], and Focal Loss [33] (Equation (1)). The main drawback of BCE and CCE is
their inefficiency in handling imbalanced data [33]. For instance, if an image contains only
a small building, the model might still achieve a low error, even if it fails to detect the
building. However, Focal Loss addresses this issue by focusing more on challenging classes,
enabling the model to identify small classes more effectively. Therefore, this loss function
was chosen for model training. The formula for Focal Loss is shown below:

LFL(pt) = −α(1 − pt)γlog(pt)

pt =

{
ŷ i f the true class is 1
1 − ŷ i f the true class is 0

(1)

where, in the formula, ŷ is the model’s predicted probability for the positive class, α is
a weighting factor (typically between 0 and 1) to balance the importance of positive and
negative classes, and γ is the focusing parameter that controls the effect of the modulating
factor. Higher values of γ increase the emphasis on hard examples.

To optimize the training process, the Adam optimizer [34] was used as it allows
adaptive learning and a faster convergence compare to SGD and requires less tunning [35].
The initial learning rate was set to 0.0001.

All the models were trained for 100 epochs, and the batch size was set to 8 to allow
the maximum number of images to be given to the model in order to lower the training
time. All models were trained using a fixed number of 100 epochs to ensure consistency
and comparability across different architectures.
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While it is acknowledged that different CNN architectures may have distinct learning
curves and convergence behaviors, a uniform training schedule was adopted to provide a
controlled environment for benchmarking performance. This approach allows the effect
of model architecture on segmentation performance to be isolated from training duration.
To reduce the risk of underfitting or overfitting due to the fixed epoch setting, validation
loss was monitored during training, and the model weights corresponding to the best-
performing epoch on the validation set were saved and used for evaluation.

All the models were trained on a NVIDIA RTX 4070ti GPU, along with an Intel Core
i9 13700k Central Processing Unit (CPU) with 128 Gigabytes of DDR4 RAM.

2.6. Model Evaluation Metrics

To evaluate the model’s performance in building footprint segmentation, the follow-
ing metrics were used: Intersection over Union (IoU) [36], accuracy [37], precision [38],
recall [38], and F1-score [38].

Accuracy =
TP

TP + TN + FP + FN
(2)

IoU =
TP

TP + FP + FN
(3)

Precision =
TP

TP + FP
(4)

Recall =
TP

TP + FN
(5)

F1 − Score =
2 ∗ Precision ∗ Recall

Precision + Recall
(6)

Here, TP represents true positives, TN represents true negatives, FP represents false posi-
tives, and FN represents false negatives.

3. Results and Discussion
3.1. Extraction and Processing of Spectral Indices

Using Sentinel-2 satellite imagery, various indices were extracted, including the Nor-
malized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI),
Normalized Difference Built-up Index (NDBI), Shadow Index (SI), and Bare Soil Index (BSI)
(see Figure 4).

The selection of these indices was guided by their relevance to building footprint
segmentation. NDVI was included to distinguish vegetated areas from built-up regions,
ensuring that green spaces do not interfere with the extraction of building footprints [39].
NDWI was used to mask water bodies, preventing the misclassification of water surfaces
as built-up areas [40].

Since the primary objective is to segment buildings, NDBI was selected, as it is specif-
ically designed to enhance the detection of built-up areas, making it a crucial index for
identifying urban structures in satellite imagery [41]. SI was incorporated to account for
shadows cast by buildings and other structures, which can impact segmentation accuracy
by altering reflectance values [42]. Lastly, BSI was used to differentiate bare soil from
built-up areas, as exposed land surfaces can sometimes be confused with buildings in
spectral analysis [43]. This index is particularly useful for detecting soil in landscapes
with minimal vegetation, such as deserts, harvested agricultural fields, or areas affected
by erosion.
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The formulas for these indices are presented below.

NDVI =
NIR − Red
NIR + RED

(7)

NDWI =
Green − NIR
Green + NIR

(8)

NDBI =
SWIR − NIR
SWIR + NIR

(9)

SI = 3
√
(1 − Blue)× (1 − Green)× (1 − Red) (10)

BSI =
(Red + SWIR)− (NIR + Blue)
(Red + SWIR) + (NIR + Blue)

(11)

The aerial image has a spatial resolution of 30 cm, and all extracted indices were
resampled to match this resolution. The nearest neighbor interpolation method was used
for resampling to ensure that the index values remained unchanged. While other methods,
such as bilinear interpolation and cubic convolution, could have produced smoother results
by averaging neighboring pixels, the nearest neighbor method was chosen to maintain the
integrity of the original index values. It is important to note that Sentinel-2 data were not
resampled to improve their spatial detail but to ensure spatial alignment with the aerial
images for effective data fusion. Nearest neighbor interpolation was specifically chosen to
avoid modifying index values and to preserve the categorical and semantic nature of the
spectral indices.

Additionally, deep learning algorithms have indeed demonstrated strong performance
in image fusion tasks. However, in our study, we opted for a non-deep-learning approach,
as traditional fusion methods provide more interpretability and deterministic outputs,
making them more suitable for integration into our framework.
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Using the required indices and the building footprint information extracted from the
aerial image, two datasets were created for training and testing deep learning models.
Following preprocessing, all layers were spatially aligned and co-registered to ensure
pixel-level correspondence. In the data fusion step, the aerial imagery was combined with
the resampled index layers to create a unified dataset with multiple channels. The result
was two distinct datasets:

• The RGB dataset, containing only aerial imagery with three channels (red, green,
and blue);

• The RGB–Sentinel dataset, containing the aerial image (three channels) plus five
additional channels representing the NDVI, NDWI, NDBI, SI, and BSI indices, for a
total of eight channels per image.

Both datasets were divided into image patches of size 512 × 512 pixels to standardize
input dimensions for training and to allow efficient processing by deep learning models.

Initially, both datasets consisted of 7388 images. Through data augmentation tech-
niques, such as 90-degree and 180-degree rotations as well as horizontal and vertical
flipping, for each image, two more images were created, increasing the total number of
images to 22,164. While other data augmentation methods, such as brightness adjustment,
contrast enhancement, and Gaussian noise addition, exist, rotation and flipping were
specifically chosen as they preserve the original image values.

Finally, both datasets were split into training, validation, and test sets at a ratio of 7:2:1.
Figure 5 shows the images and corresponding masks for the training data.
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3.2. Model Training and Performance Evaluation

The first model utilized U-Net architecture with a ResNet-18 backbone and was
trained solely on aerial images. The second model retained the same U-Net and ResNet-18
architecture but was trained on fused data that included both aerial images and Sentinel-
derived indices. The inclusion of additional spectral indices, such as NDVI, NDWI, and
NDBI, aimed to enhance the model’s ability to distinguish between different land cover
types and improve segmentation accuracy.

The third model, featured a U-Net architecture with a ResNet-34 backbone and was
also trained on the fused dataset. Compared to ResNet-18, ResNet-34 offers deeper fea-
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ture extraction capabilities, allowing for better representation of complex spatial patterns.
Training loss and validation loss results for the models are displayed in Figure 6.
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The results of training loss and validation loss for the models are displayed in Figure 6.
The x-axis represents the epochs. Analyzing the training loss of all three models reveals that
none of them overfitted the data. However, when analyzing the validation loss, it is evident
that the RGB–Sentinel–ResNet34 model consistently had the lowest validation loss from
the beginning. It demonstrated a more stable decrease throughout the training process,
ultimately reaching a final validation loss of 0.0162. The RGB–Sentinel–ResNet18 model
performed slightly worse, with a final validation loss of 0.0277. The RGB–ResNet18 model
had the poorest performance among the three, achieving a final value of 0.0400. Overall,
the RGB–Sentinel–ResNet34 model outperformed the others in reducing validation loss,
demonstrating its superior performance. Furthermore, an analysis of the IoU and accuracy
values (Figure 7) confirms that the RGB–Sentinel–ResNet34 model outperforms the other
two models.
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Analyzing the IoU and accuracy values, reveals that the RGB–Sentinel–ResNet34
model significantly outperforms the other two models, achieving an IoU of 73.86% and
an accuracy of 96.99%. The RGB–Sentinel–ResNet18 model ranks second, with an IoU
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of 69.29% and an accuracy of 94.59%. In contrast, the RGB–ResNet18 model has the
lowest performance among the three, with an IoU of 66.92% and an accuracy of 92.77%.
Additionally, after analyzing the IoU and accuracy values, the average precision, recall,
and F1-score for the evaluation data were calculated. The results of these calculations are
presented in Table 2.

The RGB–Sentinel–ResNet34 model has achieved the best results for both the building
footprint and background classes due to its more advanced architecture and the use of
Sentinel data (Figure 8).
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Table 2. Model evaluation metrics. Best values are in boldface.

Class Metric RGB–ResNet18 (%) RGB–Sentinel–
ResNet18 (%)

RGB–Sentinel–
ResNet34 (%)

Background Class
Precision 92.85 95.17 96.59

Recall 95.21 97.49 98.30
F1-score 94.02 96.32 97.44

Building Footprint Class
Precision 89.50 92.37 92.96

Recall 83.04 86 88.29
F1-score 86.15 89.06 90.56

Considering the training times, the RGB–ResNet18 model took 19 h, 50 min, and
11 s; the RGB–Sentinel–ResNet18 took 30 h, 48 min, and 55 s; and finally, the RGB–Sentinel–
ResNet34 completed training in 32 h, 26 min, and 32 s. This represents an increase of
about 10 h and 58 min (roughly 55% longer) for adding the Sentinel data. Although the
RGB–Sentinel–ResNet34 is the most complex model among the three models, its training
time is only about 5% longer than the RGB–Sentinel–ResNet18 model.

While this increase in training time may seem significant, the performance gains
provided by adding the Sentinel data to the models justify the added time. The RGB–
Sentinel–ResNet34 and RGB–Sentinel–ResNet18 models demonstrated consistently higher
precision, recall, and F1-score for both the “Background” and “Building Footprint” classes.
Therefore, if computational resources are limited, the RGB–Sentinel–ResNet18 model is
a suitable alternative, as it still provides acceptable results. The use of Sentinel data has
significantly enhanced the performance of the models, and these data can be leveraged
further in similar projects. These findings suggest that combining diverse data sources
with advanced architecture can lead to a substantial improvement in the accurate and
comprehensive extraction of geographic information.

3.3. Cross-Validation of the Best Model

Cross-validation is a technique used to evaluate the performance of a machine learning
or deep learning model. Instead of relying on a single train-test split, cross-validation gives
a more robust estimate of a model’s ability to generalize to new, unseen data [44]. To
evaluate the generalizability and robustness of the proposed model, K-fold cross-validation
was employed. In this approach, the dataset is randomly divided into K equally sized
subsets or “folds”. Each fold is used exactly once as a validation set, while the remaining
K-1 folds serve as the training data. This process is repeated K times, and the perfor-
mance metrics from each fold are averaged to obtain a reliable estimate of the model’s
overall performance.

In this study, we used K = 5, which is a commonly used setting that provides a good
balance between bias and variance in the error estimation.

The cross-validation training loss (Figure 9) across all five folds exhibits a consistent
and sharp decrease within the first 10–15 epochs. This indicates that the model rapidly
learns to minimize error early in training. As training progresses, the curves flatten and
converge, suggesting stability in learning and absence of major overfitting signs within the
training domain.

The accuracy curves (Figure 10) show steady improvement across all folds, starting
around 80–88% and reaching above 95% by the end of training. Fold 2 starts notably lower
(around 78%) and ends around 93–94%, slightly behind the others, which may suggest
either higher complexity or noise in that particular data split. Nevertheless, all folds exhibit
upward trends, demonstrating strong performance.
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IoU improves steadily across epochs for all folds. Initial values range between
35 and 50% and eventually rise to 65–75%. Similarly to the accuracy plot, fold 2 consistently
underperforms slightly, possibly due to less ideal data distribution or more challenging
examples. Still, all folds show significant performance gains, with convergence around the
70% mark, indicating reliable spatial overlap predictions.

Figure 11 illustrates some of the results of RGB-Sentinel_ResNet34. Finally, the average
precision, recall, and F1-score for the cross-validation folds were calculated. The results of
these calculations are presented in Table 3.
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Table 3. Cross validation evaluation metrics results.

Class Metric Fold 1 (%) Fold 2 (%) Fold 3 (%) Fold 4 (%) Fold 5 (%)

Background Class
Precision 96.47 95.56 97.05 96.31 96.66

Recall 99.22 98.62 99.39 99.41 97.88
F1-score 97.83 97.07 98.21 97.84 96.91

Building Footprint Class
Precision 94.16 92.35 94.14 94.01 93.42

Recall 87.14 84.63 87.78 85.52 86.34
F1-score 90.51 88.32 90.85 89.56 89.81

The background class exhibits near-perfect performance, with minimal variability
across folds—showcasing excellent model generalization and reliability. For the build-
ing footprint class, the model performs well but with slightly greater variability and a
noticeable gap between precision and recall, hinting at a conservative prediction bias
(favoring precision over recall). The consistency of scores across folds further confirms
the robustness of the model under different data splits, supporting the validity of the
reported performance.

3.4. Limitations and Future Directions

One key limitation is the reliance on Sentinel-2 satellite imagery, which has a spatial
resolution that may not capture fine-grained details in dense urban areas or complex build-
ing structures. The models’ performances might be impacted by variations in lighting
conditions, seasonal changes, and atmospheric distortions that affect satellite images. Fur-
thermore, while Sentinel-2 indices provided valuable spectral information, incorporating
additional remote sensing data sources such as LiDAR, SAR, or higher-resolution aerial
imagery, could further improve model accuracy.

Computational efficiency is another challenge. The RGB–Sentinel–ResNet34 model
demonstrated superior performance, but its deeper architecture demands significant com-
putational resources. In real-world applications, where access to high-performance GPUs
may be limited, model optimization techniques such as knowledge distillation, pruning, or
quantization should be considered to reduce computational overhead while maintaining
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high accuracy. Future work could explore the application of model compression techniques
to reduce inference time and computational load, particularly for deployment on edge
devices or large-scale processing tasks.

For future work, integrating multi-modal data sources, including SAR imagery and
LiDAR point clouds, could provide richer spatial and spectral information, leading to
improved segmentation performance. Additionally, exploring advanced deep learning
architectures, such as transformer-based models, could enhance the model’s ability to
capture long-range dependencies in remote sensing data. Future studies should also
investigate semi-supervised and unsupervised learning approaches to reduce the depen-
dency on labeled datasets, making the approach more scalable and applicable to larger
geographic areas.

Considering that building height can significantly influence detection, it is recom-
mended that future research explore the impact of using elevation data, such as the normal-
ized digital elevation model, in building detection efforts.

Overall, while this research has demonstrated the effectiveness of integrating Sentinel-
2 indices with deep learning architectures for building footprint extraction, further ad-
vancements in data fusion, model optimization, and domain generalization are necessary
to refine and enhance the applicability of these methods in practical scenarios.

4. Conclusions
The extraction of building footprints from aerial and satellite images has become a key

focus in remote sensing, primarily due to its significant role in urban planning, disaster
management, and 3D city modeling. While traditional methods, which rely on manual
processing and classic algorithms such as SVM, have achieved acceptable accuracy in
some cases, they come with notable limitations. These include sensitivity to noise, high
computational resource requirements, and poor performance in complex environments. In
the past decade, the emergence of deep learning, especially convolutional neural networks,
has revolutionized remote sensing image processing. These advanced methods are capable
of learning complex semantic features without the need for manual feature design, offering
higher accuracy and generalizability than traditional methods. As a result, they have
become the standard for extracting building footprint information.

This research investigates methods to improve model accuracy by fusing aerial data
and Sentinel-2 satellite images, along with various spectral indices. The study employed
two different datasets: high-resolution aerial images (30 cm) and Sentinel-2 satellite data
from the city of Tabriz. From the satellite image, indices such as NDVI, NDWI, NDBI, SI,
and BSI were extracted. Different models were then trained using either the aerial images
alone or a combination of the aerial images and the extracted indices.

In the evaluation of IoU and accuracy values, the RGB–Sentinel–ResNet34 model
showed superior performance compared to the other models, with an IoU of 73.86%
and accuracy of 96.99%. When evaluating precision, recall, and F1-score metrics, the
RGB–Sentinel–ResNet34 model again performed the best, with an F1-Score of 90.57% for
the building class and 97.44% for the background class. The RGB–Sentinel–ResNet18
model also provided good results and, considering its lower computational requirements,
is a suitable option when resources are limited. In contrast, the RGB–ResNet18 model
performed the weakest for both the building and background classes. Overall, the RGB–
Sentinel–ResNet34 model, with its advanced architecture and use of diverse data, showed
better performance in extracting building footprint information. The use of Sentinel data
significantly improved the results, indicating that these data can be utilized to increase
accuracy in similar projects. The combination of diverse data sources and advanced
architectures is an effective approach for improving the accurate and comprehensive
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extraction of geographic information. In future studies, the proposed methodology will
be applied to datasets from other geographic regions, including cities in Europe, North
America, and East Asia. This will allow a more comprehensive evaluation of the model’s
generalizability across diverse urban forms and architectural styles.

Considering the fact that building height can significantly influence detection, it is
recommended that future research explore the effect of using elevation data, such as the
normalized digital elevation model, in building detection.

Overall, the RGB–Sentinel–ResNet34 model, with its advanced architecture and the
integration of diverse data, showed enhanced performance in extracting building foot-
print information. The incorporation of Sentinel data significantly improved the results,
indicating that these data can be leveraged to increase accuracy in similar projects. The
combination of various data sources and advanced architectures is an effective strategy for
improving the accurate and comprehensive extraction of geographic information.
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