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Abstract: Monitoring the variation of urban expansion is crucial for sustainable urban
planning and cultural heritage management. This paper proposes an approach for the se-
mantic segmentation of very-high-resolution (VHR) satellite imagery to detect the changes
in urban sprawl in the surroundings of Chan Chan, a UNESCO World Heritage Site in
Peru. This study explores the effectiveness of combining Mix Transformer encoders with
U-Net architectures to improve feature extraction and spatial context understanding in
VHR satellite imagery. The integration of active contour loss functions further enhances the
model’s ability to delineate complex urban boundaries, addressing the challenges posed by
the heterogeneous landscape surrounding the archaeological complex of Chan Chan. The
results demonstrate that the proposed approach achieves accurate semantic segmentation
on images of the study area from different years. Quantitative results showed that the
U-Net-scse model with an MiTB5 encoder achieved the best performance with respect to
SegFormer and FT-UNet-Former, with IoU scores of 0.8288 on OpenEarthMap and 0.6743
on Chan Chan images. Qualitative analysis revealed the model’s effectiveness in segment-
ing buildings across diverse urban and rural environments in Peru. Utilizing this approach
for monitoring urban expansion over time can enable managers to make informed decisions
aimed at preserving cultural heritage and promoting sustainable urban development.

Keywords: building footprints; neural network; semantic segmentation; OpenEarthMap
dataset; transformers; Chan Chan

1. Introduction

In recent years, rapid urban growth has been observed, with urbanization projected to
increase from 55% of the world’s population in 2018 to 68% in 2050, according to United
Nations estimates [1]. This contributes significantly to environmental degradation and
poses serious problems, such as soil and riverbank erosion, caused by excessive land
consumption, habitat loss, as well as climate change [2—4]. Another problem observed is an
increase in the amount of damage to cultural heritage (CH) sites due to rapid urban growth
around them. Historical sites and monuments cannot be viewed as isolated elements within
a territory. Their significance, uniqueness, and integrity are intrinsically connected to the
historical landscape in which they are found. Urbanization and the resulting destruction of
the original landscapes lead to the rapid loss of the historical and symbolic meaning of these
cultural assets along with their inherent beauty. This process leaves them disconnected

Remote Sens. 2025, 17, 1593

https://doi.org/10.3390/rs17091593


https://doi.org/10.3390/rs17091593
https://doi.org/10.3390/rs17091593
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0000-0002-2228-8557
https://orcid.org/0000-0002-1384-2560
https://orcid.org/0000-0001-6582-2943
https://orcid.org/0000-0003-1060-5938
https://doi.org/10.3390/rs17091593
https://www.mdpi.com/article/10.3390/rs17091593?type=check_update&version=1

Remote Sens. 2025, 17, 1593

2 0f 22

from their context, rendering them isolated within a historical and cultural environment to
which they do not belong [5-7].

It is therefore desirable to develop a new methodology that is capable of providing
the greatest possible amount of information for monitoring the environment and for the
construction of a model for the prevention and prediction of environmental risk. In recent
decades, the application of remote sensing (RS) and the geographic information system
(GIS) in the field of CH has demonstrated that both are powerful tools for the collection,
analysis, management, and digitization of spatial data, both in terms of quantity and of
scope. The purposes of these applications are specific to or included in the monitoring of CH,
particularly the detection of changes in land use within or in the vicinity of archaeological
sites, including urban centers. In this sense, through different RS methods, it is possible to
detect significant changes related to the phenomenon of urban sprawl and construction
projects, agricultural or temporary activities, among others, all related to the alteration of
the cultural landscape [5,8-13].

The use of artificial intelligence (Al) is growing across scientific disciplines, helping
to integrate massive datasets, refine measurements, guide experimentation, explore data-
compatible theories, and provide processable and reliable models integrated with scientific
workflows for autonomous discovery. The discoveries and research efforts on land cover
change detection have benefited from the significant integration of Al and satellite RS. Since
2016, automatic methods, i.e., machine learning and classification techniques, have been
using very-high-resolution (VHR) multispectral satellite imagery, as well as VHR synthetic
aperture radar (SAR), for the purpose of archaeological cultural landscape prospection,
analysis, and monitoring processes [14-18]. The emergence of deep learning (DL) in the
early 2010s greatly expanded the scope and ambition of land use and land cover (LULC)
mapping processes, the first step in monitoring urban sprawl [19-22].

Among deep learning network architectures, convolutional neural networks (CNNs)
have achieved good performance in many computer vision (CV) tasks for Earth obser-
vations [23]. For the purpose of building extractions, the use of CNNs has been positive
because it generates end-to-end solutions for many computer vision tasks, such as object de-
tection [23-25], semantic segmentation [26-31], and instance segmentation [32-35]. In this
case, semantic segmentation uses DL architectures based on encoder-decoder architectures
to classify each pixel of an input image into distinct classes. To extract building footprints
from VHR satellite images, semantic segmentation architectures such as SegNet [36], U-
Net [37], UNet++ [38], PSPNet [39], FPN [40], and DeepLab V3+ [41] have been used with
several backbones. In particular, the U-Net architecture was modified, for example, in
Tiramisu [42], a combination of the U-Net structure and DenseNet [43] building blocks,
as well as in UNet++, where nested dense building blocks perform convolution on the
skip connections. In [44], three U-Nets consisting of normal convolution blocks, residual
units, and inception modules, named Normal-U-Net, Residual-U-Net, and Inception-U-
Net, respectively, were designed, trained, and validated on the Massachusetts building
dataset, and it was shown that the Inception-U-Net was the most competitive architecture
comprehensively. In addition, the three single U-Nets were combined into a stronger model
with remarkable performance called EU-Net. In [29], the DeepLab V3+ model, using the
Xception backbone, showed more efficiency with respect to the U-Net, FPN, and PSPNet
models. In [45], U-Net, UNet++, DeepLab V3+, FPN, and PSPNet architectures, using
an SE-ResNeXt101 encoder, were pre-trained with ImageNet [46], and the best solutions
were the U-Net and UNet++ architectures. Then, both architectures were trained on the
Istanbul dataset, using the same encoder, and UNet++ outperformed U-Net in all accuracy
metrics except recall. An ensemble DL model named Seg-Unet, a combination of U-Net
and SegNet techniques, was presented in [47] to extract building footprints from a public
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dataset (Massachusetts building dataset), obtaining an overall average accuracy of 92.73%
and demonstrating improved performance compared to fully convolutional neural network
(FCN), SegNet, and U-Net models.

Extracting complete information from a global scene from RS data with complex
backgrounds is still a challenge. Recently, Vision Transformers (ViTs) are overcoming the
limitations of CNN-based models associated with capturing global contextual information,
and they present a higher level of data representation capabilities in, for example, tasks such
as image recognition [48,49], semantic segmentation [50,51], and object detection [52,53].
Nevertheless, ViTs have some drawbacks compared to CNNs, such as large memory
requirements and the need for large datasets [47]. Self-supervised approaches can alleviate
some of these drawbacks and further improve ViTs [54,55]. In [56], 10 CNN and Transformer
models were generated, and comparisons were made. The proposed Residual-Inception U-
Net (RIU-Net), as well as U-Net, Residual U-Net, Attention Residual U-Net, and four CNN
architectures (Inception, Inception-ResNet, Xception, and MobileNet) were implemented
as encoders to U-Net-based models, and two Transformer-based approaches (Trans U-
Net and Swin U-Net) were also used, all trained and evaluated on the Massachusetts
buildings dataset and Inria aerial image labeling dataset, with results showing significant
success of RIU-Net. In [57], a Transformer-based decoder and a UNet-type Transformer
(UNetFormer) were proposed for real-time urban scene segmentation. The UNetFormer,
with the lightweight ResNet18 as an encoder, developed an efficient global-local attention
mechanism to model both global and local information at the decoder, showing that it
not only performed faster, but also produced higher accuracy compared to state-of-the-art
lightweight models. In a more detailed analysis, the proposed Transformer-based decoder
combined with a Swin Transformer encoder also achieved the best results (91.3% F1 and
84.1% mloU) on the Vaihingen dataset.

In general, deep neural networks may encounter challenges in predicting precise se-
mantic labels around object boundaries. Traditional methods such as active contours enable
accurate delineation of object boundaries; however, they are sensitive to initialization [58].
In recent years, research has been presented wherein integration allows for leveraging
the strengths of both methods [59,60]. For example, level set methods are formulated
in a self-supervised way by minimizing energy functions such as the Mumford-Shah
functional, being still useful in generating label-free segmentation masks. The features
of buildings are unique, having different shapes. When affected by light in VHR images,
artificial surface features are difficult to extract by employing traditional image segmenta-
tion methods. Manual methods are laborious, and deep learning-based approaches fail to
delineate all construction features and to do so with good accuracy. In [61], trainable deep
active contours (TDAC), an automatic image segmentation framework that intimately links
convolutional neural networks (CNNs) and active contour models (ACMs), was proposed.
TDAC provides fast, accurate, and fully automatic simultaneous delineation of an arbitrary
number of buildings in the image. In [62], an active contour model (ACM) based on a
convolutional neural network (CNN) was proposed, integrating prior knowledge and
constraints of the ACM, such as boundary continuity, smooth edges, and geometric features
of buildings into the learning process of the CNN to achieve tight unity with the ACM, and
it proved to have good performance.

This study aims to segment buildings in very-high-resolution (VHR) satellite imagery
utilizing an improved U-Net architecture and active contour loss to detect changes in
urban sprawl in the vicinity of Chan Chan, Peru. The structure of this article is as follows:
The first section provides a concise introduction to the problem and relevant literature.
The second section delineates the methods employed, encompassing a brief overview of
the study area, dataset presentation, description of the network architecture for semantic
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segmentation, and experimental design. The third section presents the results, focusing
on segmentations in images from various Peruvian cities. The fourth section comprises
the discussion, concentrating on the results of building segmentation and an analysis of
urban expansion in three areas around Chan Chan. The final section offers conclusions and
proposes future research directions.

2. Methods
2.1. Study Area

The archaeological complex of Chan Chan, the capital of the pre-Inca Chimu kingdom,
is located along the northern coast of Peru, near the city of Trujillo, a center with strong
economic and urban growth (Figure 1). Chan Chan is the largest adobe settlement in Latin
America (approximately 20 square kilometers) and has been listed on the UNESCO World
Heritage List since 1986 [63-66]. Unfortunately, the fragility of the construction material
and the threats compromising its integrity have led to the site’s inclusion on the List of
World Heritage in Danger [67]. This prompted the Ministry of Culture of Peru to draft
the Plan de Manejo Complejo Arqueolégico Chan Chan (Plan Maestro), approved by the
Peruvian government in 2000 and updated for the decade 20212031 [68]. The Plan Maestro
includes a series of actions aimed at protecting the monuments from environmental threats
that affect their walls, such as sea salts, the corrosive action of the wind, and torrential rains
caused by the ENSO phenomenon. However, it is less effective in addressing the primary
danger to Chan Chan, which is the rapid and uncontrolled growth of the nearby urban
center of Trujillo.

95,000 0000 75,000 70000

Figure 1. In the lower right-hand corner, the study area covering the surrounding archaeological area
of Chan Chan, Trujillo, Peru. On the satellite image, the yellow polygon is Chan Chan’s buffer zone,
while the red polygon is its intangible zone.

Since 2002, the Italian Mission in Peru (MIPE), led by the National Research
Council—Institute of Heritage Science (CNR-ISPC), has been operating in Chan Chan
in partnership with Universita Politecnica delle Marche. With the scientific and operational
support of the Ministry of Culture of Peru, the mission collaborates closely on the realiza-
tion of the Plan Maestro, working in direct coordination with Proyecto Especial Complejo
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Arqueolégico Chan Chan (PECACH), the Ministry’s specialized body responsible for the
site’s preservation and conservation. MIPE focuses on documenting and studying adobe
architecture, conserving the urban center and its landscape, and promoting the archaeolog-
ical site within the international community [69-73]. As part of the mission’s operational
activities, an area of respect was defined, with its boundaries approved by the Ministry of
Culture in 2010 [74]. Unfortunately, this buffer zone lacks specific legislative regulation and
is generally included in Trujillo’s urban development plan.

In the frame of the CNR-CONCYTEC bilateral agreement 2021-2022, a joint research
project was conducted, focused on diagnosing the buffer zone using RS techniques and
direct field research. With support from the National Center for Disaster Risk Estimation,
Prevention, and Reduction (CENEPRED), the research team investigated the buffer zone,
documenting the extent and effects of urbanization on the UNESCO heritage archaeological
complex. The resulting picture is devastating, marked by the constant loss of Chimu
monuments and infrastructures and the consequent rapid disappearance of the cultural
landscape [5,75].

There is a clear urgency for a methodological procedure to monitor urban growth in
the buffer zone periodically. This would provide local operators with the necessary data to
plan sustainable urban development that respects the exceptional universal value of Chan
Chan, thereby preventing the complex from being removed from the World Heritage List.

2.2. Dataset

The experimental phase of this study employed two distinct datasets. The primary
dataset, designed for change analysis and semantic segmentation model testing within
the Chan Chan region, consisted of 50 georeferenced images. These images were ex-
tracted from Google Earth Pro, spanning the period from 2017 to 2023, and each measured
512 x 512 pixels. This dataset’s temporal range allowed for the observation of land cover
changes over a six-year period. The semantic relationship being investigated was the
presence and change of building footprints within the Chan Chan area.

For training the semantic segmentation models, the OpenEarthMap dataset [76] was
selected due to its comprehensive global land cover mapping capabilities and high spatial
resolution. This dataset provided 5000 aerial and satellite images, characterized by a ground
sampling distance ranging from 0.25 to 0.5 m. The images covered 97 diverse regions across
44 countries on six continents, including ten cities within Peru. The original eight land cover
classes within the OpenEarthMap dataset were reclassified into a simplified binary schema:
‘building footprints” and ‘background’. This reclassification facilitated the model’s focus on
accurately delineating built structures, representing a specific semantic category, from the
surrounding environment. The dataset was partitioned into training and validation subsets,
with 80% of the images allocated for model training and 20% reserved for validation,
ensuring robust model performance evaluation.

2.3. Network Architecture

In semantic segmentation, each pixel within an image is categorized and assigned a
specific class label, effectively performing detailed classification of the entire visual scene. In
this study, U-Net was employed as the base architecture to generate segmentation models.
U-Net [37] is an encoder—decoder architecture based on convolutional neural networks
(CNN). UNet, with its symmetrical U-shaped structure, extracts feature maps from an
input image through an encoding stage, see Figure 2. In the decoding stage, the dimensions
of the original image were restored. The encoder output was upsampled and merged
with the feature maps propagated via skip connections from the encoder layers. In each
decoder layer, scSE (simultaneous spatial and channel squeeze and excitation) blocks [77]
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are integrated to restore the spatial features lost during the encoding process. The c¢SE
blocks recalibrate the channels by integrating global spatial information. In parallel, the sSE
blocks generate a spatial attention map, indicating the specific regions where the network
should direct its focus to improve segmentation. Figure 3 shows the structure of a decoder
layer. The scSE attentional blocks (green) are incorporated after each convolutional block
(blue) in layers B-2 to B-5 of U-Net.

Input Image Output Segmentation
(3x512x512 ) (1x512x512)

= - -

16x512x512

Decoder B-5

32x256x256

Encoder Decoder
MiT-B5

J Decoder B-4
64x128x128
Decoder B-3

m

J Decoder B-2
256x32x32
I convaD 3x3 + BN + ReLU

Decoder B-1 - scSE (Attention block)
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— Concatenation

Upsampling

Figure 2. Improved U-Net architecture.
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Figure 3. Decoder layer architecture.

In the U-Net encoder, EfficientNet [78] and a Mix Transformer (MiT) were utilized
as the backbone for the base architecture. EfficientNet is a family of models designed to
search for an optimal and computationally efficient neural architecture for classification
tasks. The primary component of these models is the mobile inverted bottleneck (MBConv),
which is responsible for the model compression and optimization of neuron excitation.
The initial version, comprising eight models (B0-B7), was subsequently updated with four
models (S, M, L, and XL) in a second version that incorporates Fused-MBConv blocks [79].
Conversely, the Mix Transformer serves as the backbone of the SegFormer segmentation
architecture [80]. The Mix Transformer family of models (B0-B5) consists of hierarchically
structured transformers designed to generate multiscale features.

The FT-U-NetFormer [57] architecture demonstrated favorable outcomes when evalu-
ated on the OpenEarthMap dataset [63], obtaining 0.8029 of IoU for the building footprint
class. This encoder—decoder architecture utilizes a Swin Transformer [50] as the encoder,
leveraging its capacity to reduce the computational complexity of high-resolution images.
FT-U-NetFormer introduces a global-local transformer block (GLTB) in the decoder to



Remote Sens. 2025, 17, 1593

7 of 22

model global and local information. DCSWIN [81], another architecture employed in
land cover segmentation, similarly utilizes a Swin Transformer within its encoder. This
architecture incorporates a densely connected feature aggregation module (DCFAM) in the
decoder stage with the objective of capturing enhanced semantic features of multi-scale
relationships to restore resolution and generate the final segmentation map.

2.4. Experimental Protocol and Setting

The objective of this study was to identify building footprints in very-high-resolution
(VHR) satellite imagery utilizing deep semantic segmentation techniques. The methodology
employs a public dataset to train and evaluate the performance of the model in identifying
the building footprints. By applying this approach to the temporal satellite imagery of Chan
Chan and its surroundings, researchers can analyze urban expansion patterns over time,
providing valuable insights for CH preservation and sustainable urban planning efforts.
Figure 4 illustrates the workflow. The initial step involved creating an image collection
based on Google Earth Pro images spanning the period 2017 to 2023. Subsequently, the
OpenEarthMap dataset was used for the network training. The improved U-Net was
trained using a combined loss function. Finally, the test set was employed to analyze of
urban sprawl in Chan Chan.

1. Preparing the dataset

>%

(Train/Val splits)

v‘l-‘ OpenEarthMap ;

3. Monitoring of Urban Sprawl
(2017-2023)

2. Training improved UNet using the
active contour loss function

Label

AC Loss| [CE Loss

Neural
Network

L=
Google Earth Pro
Chan Chan
(Test split)

Image

Figure 4. Workflow scheme.

The models implementations were based on the PyTorch 2.5.1 deep learning frame-
work. All models were trained for 200 epochs on an NVIDIA RTX 4090 GPU, AMD EPYC
7282 16-Core Processor, and 128 GB of RAM. The Adam optimizer was employed, with the
initial learning rate set to 0.001 for the decoder and 0.0001 for the backbone. Additionally,
the ReduceLROnPlateau scheduler was used with a patience of 10 epochs and a reduction
factor of 0.1. To mitigate overfitting, an early stopping strategy was implemented, with a
patience of 20 epochs.

2.5. Data Augmentation

Several data augmentation techniques were employed in the training partition to
enhance the training dataset.

e  The input was subjected to various transformations with 50% probability for each
operation. These transformations included a horizontal flip around the y-axis (Hori-
zontalFlip), flip around the x-axis (VerticalFlip), transposition, and a 90-degree rotation;

e  Four complementary strategies were implemented to obtain 512 x 512 pixel images:
(1) 512 x 512 pixel resizing, (2) 512 x 512-pixel random crop, (3) cropping between
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256 and 768 pixels of a random portion of the input, followed by 512 x 512 pixel
resizing, and (4) 15° rotation, followed by 512 x 512 pixel center crop. For images
with dimensions smaller than 768 pixels, padding was applied to the edges when
the dimensions were below 512 pixels. In case (3), the random section was cropped
with dimensions ranging from 256 to 512 pixels. Each of these strategies had an equal
probability of being applied to the input data;

e  Three complementary pixel intensity variation strategies with 25% probability of appli-
cation were employed: (1) random brightness and contrast variations, (2) alterations
in RGB color representations, and (3) modifications to hue and saturation values.

2.6. Loss Function

Active contour models entail the fitting of a curve around an object within an image
subject to specific constraints. These models dynamically adjust the shape of the curve and
are designed to terminate at the edges of an object. We utilize the loss function presented
in [82] and defined by

Lac =1 x Length + A; x Area_in + A x Area_out, (1)

where the initial term corresponds to the length of the evolving curve, and the subsequent
terms represent the weights of the pixels situated within and outside the curve of the class
under consideration. The weighting parameters were set to u=0.01, Ay =1,and A, = 1.
To enhance the network’s ability to learn more discriminative features of objects, the
active contour loss function (Lac) was integrated with the cross-entropy loss function (Lcg)
as follows:
Loss=a x Lcg +b X Lac, (2)

where a and b are weighting parameters.

2.7. Metrics

In the context of image segmentation, intersection over union (IoU) and the Dice coef-
ficient are crucial metrics for evaluating the performance of models. The IoU quantifies the
degree of similarity between the predicted result and the ground truth. The Dice coefficient,
also known as the F1-score, measures the overlap between the predicted segmentation and
ground truth but is generally considered less stringent than IoU [83]. These metrics are
defined as follows:

IoU =TP/(TP + FP + EN), 3)

Dice =2 x TP/(2 x TP + FP + FN), (4)

where TP, TN, FP, and FN represent true positive, true negative, false positive, and false
negative, respectively.

3. Results

In this section, the quantitative results of the proposed method based on the selected
metrics are presented. Subsequently, a qualitative analysis of the urban footprint segmenta-
tion in Peruvian cities was conducted.

3.1. Quantitative Results

The performance of all the models was evaluated using the OpenEarthMap and Chan
Chan datasets. For the improved U-Net (U-Net-scse) encoder, EfficientNet V1 (B0, B2, B4,
B6, B7), EfficientNet (s, m, 1, x1), and Mix Transformers (B0, B2, B5) were examined. The
segmentation capabilities of these models were compared with U-Net as a baseline and the
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state-of-the-art models SegFormer, FT-UNet-Former, and DCSWIN, which achieved the
best results in building segmentation on the OpenEarthMap dataset [76]. The quantitative
results calculated based on IoU and Dice metrics are presented in Table 1. For both metrics,
the mean values and standard deviations (in parentheses) obtained from the evaluations of
the five trained models for each network architecture are shown. It can be observed that U-
Net obtained the lowest result, with an IoU of 0.7746 in OpenEarthMap and 0.4280 in Chan
Chan, demonstrating generalization issues. Regarding U-Net-scse with the EfficientNet V1
encoder, the best results in OpenEarthMap were obtained for B6 and B7 with approximately
0.82 IoU, while in Chan Chan, B6 achieved the best result with approximately 0.58 IoU.
For U-Net-scse with the EfficientNet V2 encoder, the best result in OpenEarthMap was
obtained for S with an IoU of 0.8173 and in Chan Chan with an IoU of 0.5878. In the
case of U-Net-scse with a Mix Transformer encoder, the best result in OpenEarthMap was
obtained for B5 with an IoU of 0.8284 and in Chan Chan with an IoU of 0.66465. For
SegFormer, the best result in OpenEarthMap was obtained for BS with an IoU of 0.8190 and
in Chan Chan, with an IoU of 0.6386. Regarding the models based on the Swin Transformer,
FT-UNet-Former obtained better results in both OpenEarthMap and Chan Chan, with IoUs
of 0.8217 and 0.6100, respectively.

Table 1. Quantitative comparison of various networks on the OpenEarthMap and Chan Chan datasets.
The best results are indicated with bold.

Network OpenEarthMap Chan Chan

Architecture IoU Dice IoU Dice
U-Net 0.7746(0.0127) 0.8730(0.0081) 0.4280(9.0070) 0.59940.0068)
U-Net-scse (EffV1BO0) 0.80660.0015) 0.89290.0009) 0.57480.0232) 0.73180.0189)
U-Net-scse (EffV1B2) 0.8105(0.0046) 0.89540.0028) 0.5587(0.0137) 0.71680.0112)
U-Net-scse (EffV1B4) 0.81530.0037) 0.8982(0.0022) 0.5709(0.0146) 0.72670.0118)
U-Net-scse (EffV1B6) 0.82029.0006) 0.90129 0004 0.5797 0.0349) 0.73340.0282)
U-Net-scse (EffV1B7) 0.82070.0013) 0.9015(9.0008) 0.5679(0.0295) 0.72419.0295)
U-Net-scse (EffV2s) 0.81730.0022) 0.8995(0.0014) 0.58780.0076) 0.74040.0060)
U-Net-scse (EffV2m) 0.81419.0030) 0.8975(0.0018) 0.57580.0238) 0.7306(0.0194)
U-Net-scse (EffV2l) 0.81380.0036) 0.89730.0022) 0.5776(0.0175) 0.73280.0134)
U-Net-scse (EffV2xl) 0.80770.0074) 0.89370.0046) 0.57310.0240) 0.7273(0.0197)
U-Net-scse (MiTB0) 0.80640.0022) 0.89290.0013) 0.60810.0063) 0.75630.0049)
U-Net-scse (MiTB2) 0.82290.0023) 0.90290.0014) 0.61629,0086) 0.7630(0.0071)
U-Net-scse (MiTB5) 0.8284(0.0016) 0.9062(9.0010) 0.6465(9 023) 0.7853(0.0017)
SegFormer (BO) 0.79340.0013) 0.88480.0008) 0.58370.0090) 0.7371(0.0072)
SegFormer (B2) 0.81729,0012) 0.89940.0007) 0.6270(0.0106) 0.7707 0.0081)
SegFormer (B5) 0.8190(0.0012) 0.90050.0008) 0.63860.0080) 0.77940.0060)
FT-UNet-Former 0.82170.0024) 0.9021 90014 0.6100¢0.0097) 0.7577 0.0075)
DCSWIN 0.8154(0,0042) 0.89830.0026) 0.59580.0265) 0.74650.0210)

Table 2 presents the batch size utilized for each model, constrained by the memory
capacity of the GPU employed in the experiment and the size of the model itself. This table
also displays the total number of parameters and inference time for each model. Comparing
the models with superior performance in OpenEarthMap and Chan Chan, U-Net-scse with
Mix Transformer encoders yielded the most favorable results. Although the MiTB5 encoder
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achieved the highest IoU, this encoder, in comparison to MiTB2, comprises three times the
number of parameters and requires twice the inference time.

Table 2. Total number of parameters and inference time for models studied.

Network Architecture BS Paranrfg:;l‘s M) ,},?;f;iﬁf:)
U-Net 8 31.0 11.38
U-Net-scse (EffV1B0) 16 6.3 4.29
UNet-scse (EffV1B2) 16 10.1 5.28
U-Net-scse (EffV1B4) 16 20.3 6.65
U-Net-scse (EffV1B6) 8 439 8.81
U-Net-scse (EffV1B7) 6 67.2 11.27
U-Net-scse (EffV2s) 16 22.1 5.71
U-Net-scse (EffV2m) 16 55.2 7.31
U-Net-scse (EffV2I) 8 119.9 9.43
U-Net-scse (EffV2x1) 5 209.6 11.45
U-Net-scse (MiTB0) 16 5.6 3.21
U-Net-scse (MiTB2) 16 27.6 5.42
U-Net-scse (MiTB5) 8 84.8 10.71
SegFormer (BO) 16 3.7 217
SegFormer (B2) 16 24.7 5.15
SegFormer (B5) 8 90.0 12.83
FT-UNet-Former 8 96.0 11.69
DCSWIN 8 118.9 10.83

Table 3 provides a detailed description of the investigation results. Network archi-
tecture models that performed the best on the OpenEarthMap and Chan Chan datasets
are presented. These models were trained using a combined loss function based on the
weighting of the cross-entropy loss function (Lcg) and active contour loss function (Lac).
The weighting parameters that best performed the combined loss function were a = 1 and
b = 10. A UNet-scse model with an MiTB5 encoder achieved the optimal performance on
OpenEarthMap, with IoU and Dice scores of 0.8288 and 0.9064, respectively, while UNet-
scse with an MiTB5 encoder obtains superior results on Chan Chan, with IoU and Dice
scores of 0.6743 and 0.8055. The UNet-scse model with an MiTB5 encoder demonstrates
notable superiority over other methods in building extraction within the Chan Chan area,
improving the IoU by 5.73% and 5.52% compared to the FT-UNet-Former and DCSWIN
models, respectively.
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Table 3. Quantitative comparison of the best models of each network architecture on the Open-
EarthMap and Chan Chan datasets. The best results are indicated with bold.

Model OpenEarthMap Chan Chan
IoU Dice IoU Dice

U-Net 0.7867 0.8806 0.4453 0.6162
U-Net-scse (EffV1B6) 0.8208 0.9016 06100 0.7578
U-Net-scse (EffV1B7?) 0.8222 0.9024 0.5968 0.7475
U-Net-scse (EffV2s) 0.8194 0.9008 0.5944 0.7456
U-Net-scse (EffV2x1) 0.8160 0.8987 0.6038 0.7530
U-Net-scse (MiTB2) 0.8260 0.9047 0.6263 0.7702
U-Net-scse (MiTB5) 0.8288 0.9064 0.6503 0.7881
SegFormer (MiTB2) 0.8187 0.9003 0.6350 0.7768
SegFormer (MiTB5) 0.8203 0.9013 0.6468 0.7855
FT-UNet-Former 0.8244 0.9037 0.6150 0.7616
DCSWIN 0.8185 0.9002 0.6163 0.7626

Figure 5 presents box plots as a descriptive statistical representation of the models
detailed in Table 3, evaluated using the OpenEarthMap and Chan Chan datasets. The
median is depicted as an orange horizontal line within the box, while the first and third
quartiles are represented as the lower and upper bounds of the box, respectively. The 1.5
interquartile range is indicated by black vertical lines, and outliers are denoted by black
circles. The loss values of the models in Table 3 for the training and validation data are
presented in Figure 6. The IoU values for the building footprint pixels compared to the
training epoch are shown in Figure 7. Figure 6 shows that the U-Net-scse models with
EffV1B6 and EffV1B7 encoders can achieve lower loss values, whereas the U-Net-scse
(MiTB2), U-Net-scse (MiTB5), and FT-UNet-Former models obtain the highest IoU values
in validation.
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Figure 5. Dot and box plots of the IoU values of the models shown in Table 3, color-coded according
to the dataset evaluated. OpenEarthMap (light blue) and Chan Chan (gray).
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Figure 6. Loss curves of the models shown in Table 3, color-coded according to the training (blue)
and validation (orange) process.
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Figure 7. IoU curves of the models shown in Table 3, color-coded according to the training (blue) and

validation (orange) process.

3.2. Qualitative Results in Peruvian Cities

The qualitative analysis of the segmentation of the models we examined was carried
out in several cities in northwestern Peru, where urban expansion in the surrounding rural
areas is comparable to that observed in the buffer zone of Chan Chan.

Figure 8 presents the results of building footprint segmentation in rural areas using
images of cities in northwestern Peru from the OpenEarthMap dataset. Figure 8a displays
the original RGB image, Figure 8b shows the manual semantic segmentation or ground
truth, Figure 8c illustrates the semantic segmentation results of the U-Net-scse (MiTB2)
model, Figure 8d depicts the semantic segmentation results of the U-Net-scse (MiTB5)
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model, and Figure 8e demonstrates the semantic segmentation results of the FT-UNet-
Former model. The first row corresponds to an image of Lambayeque city, where FT-UNet-
Former achieves the highest IoU of 0.9258, while U-Net-scse (MiTB5) yields the lowest IoU
of 0.6599. The second row pertains to an image of Viru city, where FT-UNet-Former attains
the highest IoU of 0.8442, while U-Net-scse (MiTB2) produces the lowest IoU of 0.8130. The
third row represents an image of Sechura city, where FT-UNet-Former achieves the highest
IoU of 0.8065, while U-Net-scse (MiTB2) yields the lowest IoU of 0.3923. The fourth row
corresponds to an image of Piura city, where U-Net-scse (MiTB5) attains the highest IoU of
0.7811, while FT-UNet-Former produces the lowest IoU of 0.6935.

(a) Image (b) Ground Truth (c) U-Net-scse (MiTB2) d) U-Net-scse (MiTBS) (e) FT-UNet-Former

Figure 8. Experimental results on the OpenEarthMap dataset in rural areas of cities in northwestern
Peru. The red boxes show the inconsistencies of the respective model on the labels in the study area.

Figure 9 presents the results of building footprint segmentation in high-density urban
areas derived from images of Peruvian cities in the OpenEarthMap dataset. Figure 9a
represents the original RGB image, Figure 9b depicts the manual semantic segmentation
or ground truth, Figure 9c illustrates the semantic segmentation results of the U-Net-scse
(MiTB2) model, Figure 9d shows the semantic segmentation results of the U-Net-scse
(MiTB5) model, and Figure 9e displays the semantic segmentation results of the FT-UNet-
Former model. The first row corresponds to an image of Chiclayo city, where U-Net-scse
(MiTB5) achieved the highest IoU of 0.9072, while FT-UNet-Former yielded the lowest
IoU of 0.8868. The second row pertains to an image of Lambayeque city, with U-Net-scse
(MiTB2) achieving the highest IoU of 0.8957, and FT-UNet-Former producing the lowest
IoU of 0.8803. The third row relates to an image of Piura city, where U-Net-scse (MiTB5)
obtains the highest IoU of 0.8801, while FT-UNet-Former generates the lowest IoU of 0.8691.
The fourth row corresponds to an image of Viru city, with U-Net-scse (MiTB5) achieving
the highest IoU of 0.7528, and FT-UNet-Former yielding the lowest IoU of 0.7454.
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(a) Image (b) Ground Truth (c) U-Net-scse (MiTB2) (d) U-Net-scse (MiTB5)

Figure 9. Experimental results on the OpenEarthMap dataset in urban areas of cities in northwestern
Peru. The red boxes show the inconsistencies of the respective model on the labels in the study area.

Figure 10 presents the results of building footprint segmentation in the vicinity of the
archaeological complex of Chan Chan, where Figure 10a displays the original RGB image
and Figure 10b shows the manual semantic segmentation or ground truth. Figure 10c—e
correspond to the semantic segmentation results of the three best-performing models from
Table 3, specifically SegFormer (B2), U-Net-scse (MiTB5), and SegFormer (B5). In the first
row, U-Net-scse (MiTB5) achieves the highest IoU of 0.7103, whereas in the second row,
SegFormer (B5) attains the highest IoU of 0.6492. Finally, in the third row, U-Net-scse
(MiTB5) achieves the highest IoU of 0.6539.

(a) Image (b, (c) SegFormer (MiTB2) (d) UNet-scse (MiTBS]

Figure 10. Experimental results on the surroundings of the archaeological complex of Chan Chan.
The red boxes show the inconsistencies of the respective model on the labels in the study area.
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4. Discussion
4.1. Building Semantic Segmentation in Peruvian Cities

From the qualitative results, it was possible to identify areas where the models exhib-
ited limitations and challenges in the segmentation of building footprints. Specifically, in
areas highlighted in red boxes, it can be observed that the models may encounter difficul-
ties in accurately delineating buildings, resulting in a lower intersection over union (IoU)
score. Upon further analysis, it is evident that building boundaries represent a significant
challenge, influenced by disorganized layouts and variable sizes, as noted in previous
studies [31,76]. Specifically, erroneous inferences in building boundaries were observed in
areas with height differences between buildings and gaps in between (Figure 9), as well as
in areas with buildings with varying roof materials and complex structures (Figure 8).

Additionally, Figure 10 illustrates the influence of the satellite incidence angle on
the model perception, particularly in distinguishing between tall building facades and
rooftops. These observations align with previous evidence, indicating that the network
may encounter difficulties in differentiating between architectural components in situ-
ations where facades are visible in the final images, potentially affecting segmentation
accuracy [45]. Consequently, detecting and rectifying limitations in building footprint
segmentation in rural environments is critically important to enhance model performance
in accurately identifying building boundaries, considering the structural complexity and
variable satellite data acquisition conditions.

4.2. Urban Sprawl Analysis in Chan Chan

The experimental survey was conducted in three test areas within the buffer zone,
each characterized by unique environmental features and at different stages of urban
development (Figure 11).

Figure 11. Test areas on the surroundings of the archaeological complex of Chan Chan.

Zone 1 (Z1) is located along the coastal strip, which, during the Chimtd empire, was
occupied by totorales—low-lying fields irrigated by groundwater to cultivate the typical
totora reed. Totorales, a natural environment characteristic of Peru’s coastline, are protected
wetlands that represent an example of biodiversity deserving preservation. However, Z1
is currently undergoing significant urbanization, with the presence of warehouses and
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poultry farms as well as the subdivision of land into building plots near Huanchaquito
beach, which are gradually being developed into residential areas (Figure 12).

| ) %.

(a) 2017 (b) 2019 (c) 2021 (d) 2023
Figure 12. Segmentation results using U-Net-scse (MiTB5) on images of Zone 1 in Chan Chan for the
years 2017-2023. Row 1: image, row 2: ground truth, row 3: U-Net-scse-MiTB5.

Zone 2 (Z2), Urbanizacién Ramoén Castilla, is characterized by a more advanced stage
of urbanization, with blocks predominantly occupied by residential buildings and few
green spaces. Some areas, such as the one analyzed in the images (Figure 13), present lots
still under construction interspersed with small gardens. Finally, Zone 3 (Z3), Urbanizacién
Rosas del Valle, is an area undergoing urban expansion located near the limit of the
core zone of the Chan Chan archaeological site. It is the only zone still relatively free of
residential development within a broader context of intense and consolidated urbanization
(Figure 14).

(a) 2017 (b) 2019 2 ' (d) 2023

Figure 13. Segmentation results using U-Net-scse (MiTB5) on images of Zone 2 in Chan Chan for the
years 2017-2023. Row 1: image, row 2: ground truth, row 3: U-Net-scse-MiTB5.
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(a) 2017 (b) 2019 ) (d) 2023

Figure 14. Segmentation results using U-Net-scse (MiTB5) on images of Zone 3 in Chan Chan for the
years 2017-2023. Row 1: image, row 2: ground truth, row 3: U-Net-scse-MiTB5.

The image analysis accurately reflects the situations described. In Z1, a marked
increase in built-up areas was observed in 2023, although large open spaces remain. In Z2,
a previously undeveloped area in 2017 began to see construction in 2019, with a noticeable
acceleration in development from 2021, immediately following the pandemic. A similar
trend was observed in Z3: vacant or recently subdivided plots in 2017 were sparsely built
upon by 2019, with significant growth in built-up areas recorded from 2021 onward.

It can be concluded that semantic segmentation highlights the progressive occupation
of the Chan Chan buffer zone, with the consequent loss of open or green spaces. Urban
development starts in consolidated residential sectors, often originating from informal
settlements, and extends into areas increasingly closer to the archaeological complex. This
ongoing phenomenon experienced significant acceleration between 2019 and 2021, possibly
facilitated by the lack of territorial control during the pandemic years.

The analysis of the surface area of urbanized zones has shown that, during the period
under study, approximately 11% of the buffer zone has been subdivided into plots and
occupied by dwellings, while approximately 33% has undergone a change in land use.
Statistical data published by the INEI (Instituto Nacional de Estadistica e Informatica del
Pert1) show a 120% increase in the number of apartments within residential complexes
over the last 10 years, highlighting the exponential growth of multi-story buildings. This
rapid urban expansion and the increased population density have created significant
land management challenges, particularly in terms of traffic congestion and solid waste
production [5].

5. Conclusions

In recent years, the cultural landscape of many UNESCO World Heritage Sites has been
threatened by natural and anthropogenic factors. Among the latter, urban expansion, due
to population growth, is generating a notorious threat to the conservation and management
of the territory associated with heritage.

An improved U-Net architecture incorporating Mix Transformer encoders and active
contour loss was developed in this research for the semantic segmentation of building foot-
prints in high-resolution satellite images. The integration of an active contour loss function
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further enhances the model’s ability to delineate complex urban boundaries, addressing the
challenges posed by the heterogeneous landscape surrounding the archaeological complex
of Chan Chan.

Quantitative results showed that the U-Net-scse model with an MiTB5 encoder
achieved the best performance with respect to SegFormer and FT-UNet-Former, with
an IoU score of 0.8288 on OpenEarthMap and 0.6743 on Chan Chan images. This repre-
sents a significant improvement over previous methods, particularly for the challenging
Chan Chan dataset. Qualitative analysis revealed the model’s effectiveness in segmenting
buildings across diverse urban and rural environments in Peru.

Application of the proposed method to multi-temporal imagery of the archaeological
complex of Chan Chan enabled detailed monitoring of urban sprawl in the site’s buffer
zone between 2017 and 2023. The results clearly demonstrated progressive urbanization
encroaching on open spaces and approaching the archaeological complex, with acceleration
of development observed after 2019.

The rapid and uncontrolled occupation of Chan Chan’s buffer zone is causing irre-
versible damage to the archaeological complex and its landscape, leading to the loss of its
integrity and consequently its exceptional universal value as recognized by UNESCO. Not
only has construction destroyed significant archaeological evidence in various parts of the
buffer zone, but ancient Chan Chan is now completely surrounded by modern buildings
that are visible from every part of the monumental complex, diminishing the charm of a
cultural landscape that is unique in the world.

In addition, the lack of proper land use planning generates a number of challeng-
ing problems, including environmental pollution, traffic management, and solid waste
generation. Although these factors cannot be directly measured through remote sensing
analysis, they still result in significant land use transformations, such as road changes,
debris accumulation, and the formation of open dumps. In further research, we aim to test
useful algorithms to analyze and quantify these changes.

If legislative measures to regulate the buffer zone are not implemented as soon as
possible, Chan Chan risks being removed from the World Heritage List. This approach for
monitoring urban expansion over time can enable managers to take the necessary protective
measures and to make informed decisions aimed at preserving cultural heritage sites and
promote sustainable urban development around them. The methodology could also be
extended to map other land cover types relevant to cultural landscape preservation.
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