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Abstract
The accurate deployment of 5 G base stations (BSs) in urban environments is essential for achieving optimal network

performance. In these scenarios, the most common positions for installing BSs are rooftops, which, however, given the

complex topography and diverse building structures, present significant challenges when identifying suitable locations.

This paper proposes an enhanced method for rooftop detection, integrating diffusion models based on super-resolution with

segmentation using convolutional neural networks. Starting from the input image, a super-resolution model is applied to

generate sliding windows on which re-inference is performed, thereby improving both the resolution and prediction

accuracy for this type of object. By refining these detections, the placement of 5 G base stations is undertaken in a

practical, industrial way, thus allowing network operators to perform a more real-world network optimization. The results

demonstrate a significant improvement in detection accuracy, directly contributing to more efficient 5 G base station

deployment in densely populated urban areas. This methodology offers a scalable, adaptable, and effective solution based

on the context of the images it applies to.

Keywords 5 G base station deployment � Super-resolution diffusion models � Rooftop detection � Convolutional neural
networks

1 Introduction

The deployment of 5 G networks in urban areas has

become essential for meeting the growing demand for

high-speed, low-latency wireless communications. This

technology promises significant improvements over previ-

ous generations (Sindhushree and Naik 2023; Deepender

et al. 2021), primarily by offering greater network capac-

ity, lower latency, and the ability to connect a more sig-

nificant number of devices simultaneously. However, one

of the main challenges in this field lies in properly

deploying base stations in usable locations that ensure

efficient and continuous network coverage, especially in

densely populated urban environments where automated

analysis becomes more complex.

Urban areas present a complex topology, which, com-

bined with the variety of architectural structures, compli-

cates the identification of suitable sites for base station

installation. Among these structures, rooftops are generally
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the most viable locations for antenna deployment, as they

provide a better line of sight and minimize interference

caused by buildings. However, accurately detecting these

elements is challenging due to the variability in the shapes,

sizes, and orientations of buildings and the limited reso-

lution of images, making this a critical issue to address.

It should be noted that the present work represents an

extension of the study presented at IWINAC2024 – the

10th International Conference on the Interplay between

Natural and Artificial Computation, in the Special Session

on Machine Learning in Computer Vision and Robotics

(MLCVR). In this extended version, significant enhance-

ments have been incorporated, including the integration of

super-resolution techniques and an improved sliding win-

dow approach to achieve more accurate rooftop detection.

The proposed methodology introduces an innovative

approach to rooftop detection by integrating a pre-trained

model with super-resolution techniques. The methodology

is based on generating sliding windows over the input

image, applying a diffusion model to improve its resolu-

tion, and enabling more precise inference in specific

regions. This process significantly enhances prediction

quality, particularly in areas where low resolution has

traditionally hindered precise segmentation. This approach

improves rooftop detection and provides a tool adaptable to

different types of urban environments, facilitating

automation in tasks related to infrastructure analysis and

the deployment of new technologies.

The remainder of this article is organized as follows:

Section 2 presents the state of the art and related work on

the proposed methodology. Section 3 introduces the

detailed methodology. Section 4 describes the experiments

and results obtained, including the selected segmentation

and super-resolution model, respectively, the dataset, the

metrics used, the quantitative and qualitative outcomes,

and a practical application case. Finally, Sect. 5 offers

conclusions and outlines potential future research

directions.

2 Related works

The deployment of base stations and the accurate detection

of urban structures have become highly active research

areas in recent years, particularly in infrastructure planning

and 5 G network optimization. Advances in convolutional

neural networks (CNNs) have led to significant progress in

the precise detection and segmentation of elements in

satellite and aerial images, such as rooftops and buildings,

establishing a fundamental pathway for automating tasks

related to 5 G network planning in complex urban envi-

ronments (Zhu 2017; Audebert et al. 2018). Meanwhile,

diffusion-based super-resolution models have shown

promise in enhancing the quality of low-resolution images,

presenting a viable approach to improve accuracy in urban

environments where rooftop detection remains challenging

(Xiao 2024; Luo et al. 2024). Integrating these technolo-

gies within the context of automated 5 G station deploy-

ments raises specific challenges, particularly emphasizing

the need for methodologies that provide an integrated and

adaptable approach (Almutairi 2022; Aloupogianni 2024).

2.1 Convolutional neural networks (CNNs)
focused on segmentation

The use of convolutional neural networks (CNNs) for

detection and segmentation has revolutionized the field of

element identification across various domains, including

identifying buildings and other urban structures in satellite

images. Models like U-Net (Ronneberger et al. 2015) have

been among the most prominent in segmentation tasks,

effectively capturing both fine details and general patterns

and inspiring improved models such as U-Net?? (Zhou

et al. 2018). Initially designed for biomedical imaging

applications (Azad 2024), this model has proven effective

in other problems. It demonstrates its adaptability thanks to

its U-shaped architecture, which combines high- and low-

resolution features to optimize accuracy in complex envi-

ronments (Liu et al. 2020).

Architectures like DeepLabV3 (Chen et al. 2017) and

MANet (Li 2022) have addressed the challenges associated

with variations in object scale within urban images. Dee-

pLabV3 incorporates Atrous Spatial Pyramid (ASP) mod-

ules, particularly effective in capturing multi-scale

contexts, and DeepLabV3? (Chen et al. 2018) adds a

decoder module to enhance the segmentation output. This

is vital in densely urbanized areas where buildings exhibit

significant variation in size and shape. MANet employs

attention mechanisms to enhance segmentation accuracy,

proving useful in contexts with high structural variability.

In addition to the models above, various architectures

such as PSPNet (Zhao et al. 2017), LinkNet (Chaurasia and

Culurciello 2017), FPN (Quyen et al. 2023), and PAN (Li

et al. 2018) have gained popularity in the field of image

segmentation. PSPNet (Pyramid Scene Parsing Network)

utilizes a scene pyramid module to capture contextual

information at multiple scales, which is especially benefi-

cial for segmenting dense urban areas with structural

variability. LinkNet stands out for its lightweight structure

and rapid image processing capabilities, making it ideal for

detection tasks in urban environments. On the other hand,

FPN (Feature Pyramid Network) employs a feature pyra-

mid structure that facilitates the detection of objects of

various sizes, optimizing segmentation accuracy for small

and large elements within the same image. Finally, PAN

(Path Aggregation Network) introduces a feature

I. García-Aguilar et al.

123



aggregation approach across multiple scales, enhancing

accuracy in detecting edges and contours in complex

environments. These architectures extend the capabilities

of CNNs by providing specific solutions for segmentation

challenges in high-density urban settings.

2.2 Diffusion models for super-resolution

Super-resolution models have become essential tools for

enhancing image quality across multiple fields, such as

satellite and aerial imagery, particularly in contexts where

low resolution limits the accuracy of element detection.

Single Image Super-Resolution (SISR) has been widely

adopted to increase detail levels in low-quality images, a

crucial aspect in accurately identifying rooftops in urban

environments (Chauhan 2023; Saharia 2023). Recently,

diffusion models have emerged as state-of-the-art solutions

for generating high-resolution images, preserving details

essential for accurate segmentation. Methods like Denois-

ing Diffusion Probabilistic Models (DDPM) (Ho et al.

2020) and Score-Based Generative Models have shown

promising results in reconstructing low-resolution areas,

generating more detailed representations (Zhu et al. 2023).

Among the most recent super-resolution methods, the

ResShift model (Yue et al. 2024) has significantly

improved the quality of low-resolution images, particularly

in environments with high variability in fine details. This

model uses a deep neural network-based approach to adjust

residual features at multiple scales, allowing for greater

reliability in image reconstruction.

In addition to ResShift, other diffusion models have

shown great potential in the super-resolution of complex

images. SR3 (Super-Resolution via Repeated Refinement)

(Saharia 2023) and SR3? (Sahak et al. 2023) are two

notable examples. SR3 employs an iterative refinement

approach through multiple diffusion steps, achieving high-

quality detail reconstruction in low-resolution images by

gradually enhancing clarity. SR3?, in turn, introduces a

diffusion-based model for blind super-resolution, estab-

lishing a new state-of-the-art by combining composite,

parameterized degradations for self-supervised training and

noise-conditioning augmentation during training and test-

ing. These models and ResShift illustrate the fundamental

role of diffusion techniques in super-resolution, addressing

quality and accuracy challenges critical for rooftop detec-

tion in complex urban environments.

2.3 Application of techniques in the context
of 5 G base station deployment

The deployment of 5 G networks in urban areas presents

challenges due to the dense distribution of structures, the

diversity of buildings, and their variability, which

significantly impact signal coverage and quality (Ahamed

and Faruque 2021). In urban environments, precision in

identifying rooftops and other structures is critical, as base

stations must be strategically positioned to minimize

interference and maximize reach. However, the topo-

graphical complexity of these areas, combined with noise

in satellite images, represents a significant obstacle to

automated and accurate network infrastructure planning.

Conventional network planning techniques have tradi-

tionally relied on model-based approaches, such as geo-

metric modeling and ray tracing, to simulate signal

propagation in various environments. While effective,

these classical techniques have limitations in densely

populated areas, as they cannot sufficiently capture the

detailed layout of urban structures. Methods based on

sensor networks or on-site inspection have attempted to

address these limitations; however, depending on the sce-

nario, they may lack accuracy (Garcı́a-Aguilar et al. 2024).

The proposed solution addresses these challenges

through advanced segmentation and super-resolution

techniques based on diffusion models to detect rooftops in

low-resolution images precisely. First, diffusion models

focused on super-resolution, such as ResShift, are applied

to improve the quality of input images, thus achieving a

more detailed representation of urban structures. Next,

convolutional neural networks, such as U-Net or FPN,

segment areas of interest, generating accurate rooftop

masks that help identify optimal locations for base stations.

The proposed methodology also incorporates sliding win-

dows on super-resolved images, allowing for detailed

region-by-region analysis, enhancing inference accuracy,

and identifying optimal rooftops for antenna deployment.

This advanced approach optimizes base station deployment

by ensuring strategic placement in urban environments and

enables faster and more automated planning, reducing

reliance on traditional methods that require direct

inspection.

3 Methodology

The methodology consists of sequential steps for enhanced

satellite image segmentation, as shown in Figure 1. The

process includes initial super-resolution, patch generation

via a sliding window, patch-level segmentation, recompo-

sition of segmentation masks, weighted aggregation, and

final contour extraction. Each step is detailed in the fol-

lowing subsections. The complete code is available at.1

1 https://github.com/IvanGarcia7/Improving_5G_BS_Placement_Pre

cise_Rooftop_Detection_SR_Diffusion_Models-and-Satellite-Image_

Analysis/
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3.1 Super-resolution of the input satellite image

Starting with the input satellite image I, a super-resolution

is applied using the ResShift model, which enhances the

resolution by a factor of �4. This process yields a higher-

resolution image IHR, facilitating more accurate segmen-

tation in subsequent steps. The transformation can be

mathematically described as follows:

IHR ¼ ResShiftðI;�4Þ ð1Þ

After applying super-resolution to the image IHR, a

smoothing operation is performed to reduce noise and

artifacts that may have been introduced during the

enhancement process. This step improves the overall

quality of the high-resolution image, facilitating more

accurate segmentation results. The smoothed high-resolu-

tion image is represented mathematically as:

IsHR ¼ SmoothingðIHRÞ ð2Þ

3.2 Patch extraction using a sliding window
approach

The high-resolution image IsHR is divided into overlapping

patches using a sliding window technique. Let w x w

denote the size of each window, and let s be the stride

length, defining the distance between adjacent windows.

For each window position (i, j), a patch Pi;j is extracted

from IsHR as follows:

Pi;j ¼ IsHR½i � s : i � sþ w; j � s : j � sþ w� ð3Þ

In our implementation, the window size w is chosen based

on the typical scale of the target objects within the dataset,

ensuring that each patch captures sufficient contextual

information for accurate segmentation. The stride s is then

determined to guarantee an adequate overlap between

adjacent patches–typically set to achieve an overlap of

around 25–50%–which helps mitigate border effects and

ensures that no critical features are missed. These param-

eters were initially determined through preliminary

Fig. 1 Workflow of the

proposed methodology
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experiments, balancing detection accuracy with computa-

tional efficiency.

In cases where the window extends beyond the image

boundary, reflection padding is applied, which mirrors

pixels from the opposite edge of IsHR. The padded patch Pi;j

is defined as:

Pi;j ¼

if within bounds

IsHR½i � s : i � sþ w; j � s : j � sþ w�
otherwise

reflect IsHR
� �

8
>><

>>:
ð4Þ

In addition, when processing the segmentation outputs, if

the corrected coordinates (x, y) (obtained via the stride s)

fall outside the x w� w boundaries of a patch, the corre-

sponding value of the function Soriginali;j (x, y) is defined to be

0. Furthermore, the overlapping segmentation outputs

S
original
i;j are aggregated by summing the contributions from

each patch and subsequently normalizing the result to

ensure that the final segmentation values lie between 0 and

1. This summation approach is preferred over a maximum

function because it incorporates the contributions of all

overlapping patches, resulting in a more robust segmenta-

tion outcome.

3.3 Segmentation of each patch with a pre-
trained model

Each patch Pi;j is then processed by a pre-trained seg-

mentation model M (see Section 4.1), producing a seg-

mentation mask Si;j for each patch:

Si;j ¼ MðPi;jÞ ð5Þ

In this expression, Si;j denotes the segmented output of the

patch Pi;j, which contains pixel-level classifications for the

targeted objects. The segmentation output Si;j is a binary

mask in which a value of 1 indicates that a roof has been

detected, while a value of 0 denotes the absence of a roof.

3.4 Recomposition of segmentation masks:
offset removal and rescaling

The segmented patches Si;j are recombined to reconstruct

the segmentation for the complete high-resolution image.

The scaling introduced by the super-resolution step is

reversed by downsampling each patch by a factor of 4. In

our implementation, the downsampling factor u is set to 4,

so that the rescaled segmentation Soriginali;j is given by:

Soriginali;j ¼ downscaleðSi;j;
1

u
Þ ð6Þ

The complete segmented image Sfinalðx; yÞ is constructed

by summing each patch Soriginali;j at its respective offset:

Sfinalðx; yÞ ¼
X

i;j

S
original
i;j ðx� i � s; y� j � sÞ ð7Þ

In our implementation, the segmentation outputs Soriginali;j

(x, y) are normalized to lie between 0 and 1, ensuring that

the recomposed segmentation Sfinal (x, y) is also bounded

within this range. This operation aligns the masks by

reversing the offset applied during patch extraction,

achieving a coherent global segmentation.

3.5 Weighted aggregation of masks

A weighted scoring scheme is introduced to balance con-

tributions between global and local segmentations. Each

pixel in the full image segmentation Sfullðx; yÞ receives a

score of 3, while pixels detected within individual patch

segmentations Soriginali;j ðx; yÞ are assigned a score of 1. This

weighting reflects the importance of global context in

achieving accurate segmentation. The model performs

better when inferring from the complete image due to the

broader visual context available, which helps recognize

relationships and structures across the entire scene. This

greater context reduces errors that might arise from limited

information.

In contrast, patches Soriginali;j ðx; yÞ, while valuable for

detecting finer details, operate with a restricted field of

view. This limited context can sometimes lead to errors,

especially when the structures, such as rooftops, are larger

or more complex than the model encountered during

training. The reduced weight of 1 for patch segmentations

minimizes the impact of such potential inaccuracies.

The total score at each pixel location (x, y) is given by:

Wðx; yÞ ¼ 3 � Sfullðx; yÞ þ
X

i;j

Soriginali;j ðx; yÞ ð8Þ

Sfullðx; yÞ denotes the global segmentation output of the

complete image and is also a normalized mask with values

between 0 and 1. Moreover, since both Sfullðx; yÞ and

S
original
i;j ðx; yÞ are normalized to the range [0, 1], the

weighted score W(x, y) is theoretically bounded between 0

and a value that depends on the number of overlapping

patches. In our experiments, the effective range of

W(x, y) was observed to be approximately [0, L]. We

performed empirical cross-validation to set the threshold

T for binarization, and T was chosen accordingly to max-

imize segmentation performance.

The assignment of a weight of 3 to the global segmen-

tation Sfullðx; yÞ and 1 to the patch-based segmentations

Soriginali;j ðx; yÞ can be quantitatively justified by considering

the relative confidence and accuracy levels typically

observed in these two approaches. Empirical analysis

during model validation indicated that full-image
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segmentations consistently demonstrated an approximately

threefold increase in accuracy compared to individual

patch segmentations. This increase can be attributed to the

complete visual context available in global segmentation,

which reduces ambiguity and enhances the model’s ability

to segment larger structures correctly.

By assigning a weight of 3, the contribution of the

global segmentation is effectively scaled to reflect its

higher confidence level and accuracy. This weighting

ensures that the final combined score prioritizes the more

reliable global detections while still integrating the local

patch-based segmentation to enhance detail. The choice of

the weight ratio (3:1) was determined through cross-vali-

dation experiments, where this configuration maximized

the overall performance metrics such as pixel accuracy and

intersection over union (abbreviated as IoU, the ratio of

pixels correctly detected as part of the ground truth to all

pixels either detected or in the ground truth), demonstrating

that it provides an optimal balance between leveraging the

broad context of global inference and the granularity of

local detections.

3.6 Thresholding and contour extraction

A threshold T is applied to the weighted mask W(x, y) to

refine the segmentation, creating a binary mask B(x, y) that

identifies segmented regions. Pixels with scores above T

are set to 1, while all others are set to 0:

Bðx; yÞ ¼
1 if Wðx; yÞ� T

0 otherwise

�
ð9Þ

The threshold T was determined empirically through cross-

validation on a validation dataset to optimize segmentation

performance. Contour extraction is then applied to B(x, y)

to identify the boundaries of each detected object. This

process yields a set of contours C representing the

perimeters of segmented regions:

C ¼ ContourDetectionðBÞ ð10Þ

The function ContourDetection is implemented using the

OpenCV findContours algorithm, which is widely

adopted for extracting object boundaries. These contours

serve as the final delineation of each detected object within

the high-resolution image, offering a precise outline of

segmented regions.

It is worth noting that the proposed approach is a meta-

model based on re-inference through patches on super-re-

solved images using diffusion models to verify that this

method indeed aids the model in achieving higher accu-

racy. In this context, the weighted aggregation of seg-

mentation masks, thresholding, and contour extraction

constitute the specific contributions of our meta-model.

The underlying segmentation model and diffusion network

used for super-resolution are considered part of the broader

application framework in which our meta-model operates.

4 Experiments

This section presents the experiments conducted to evalu-

ate the proposed methodology. The focus is on the seg-

mentation models, the selected super-resolution model, and

the dataset employed for testing. Additionally, the results

obtained are discussed, providing insights into the perfor-

mance and effectiveness of the approach.

4.1 Segmentation models

This work leverages a selection of models chosen for their

diverse architectures and established performance in image

segmentation tasks to achieve accurate segmentation.

Below is a summary of each model used in this study:

• UNet: Recognized for its symmetric encoder-decoder

structure, UNet is extensively applied in biomedical and

satellite image segmentation. It employs skip connec-

tions to enhance segmentation accuracy by retaining

spatial context.

• UNet11: This variant improves skip connections and

introduces dense, nested connections, facilitating more

effective multi-scale feature fusion.

• MAnet: By incorporating attention mechanisms,

MAnet focuses on relevant spatial information, which

is advantageous for segmenting specific priority regions

within images.

• LinkNet: Featuring an encoder-decoder architecture

with residual blocks, LinkNet enables efficient seg-

mentation with lower computational demands, making

it suitable for applications requiring rapid inference.

• FPN (Feature Pyramid Network): Designed with a

pyramid structure, FPN enhances multi-scale feature

extraction, thereby supporting object detection across

various resolutions.

• PSPNet (Pyramid Scene Parsing Network): Through

pyramid pooling, PSPNet captures contextual informa-

tion at multiple scales, supporting analysis in complex

scenes containing diverse objects.

• PAN (Pyramid Attention Network): PAN achieves

high-resolution segmentation with optimized efficiency

by combining a feature pyramid architecture with

spatial attention mechanisms.

• DeepLabV3: Leveraging atrous (dilated) convolutions,

DeepLabV3 captures multi-scale context, facilitating

the segmentation of objects with varied shapes and

sizes.
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• DeepLabV31: Extending DeepLabV3, this model

integrates atrous spatial pyramid pooling (ASPP) with

a decoder module to improve boundary delineation,

delivering precise segmentation in complex images.

Each of these models brings distinct advantages to the

segmentation task, contributing to a comprehensive anal-

ysis of satellite imagery.

4.2 Super-resolution model

ResShift is a diffusion-based super-resolution model that

enhances image resolution through iterative detail refine-

ment. Its diffusion mechanism allows for restoring high-

quality details while minimizing artifacts, a key advantage

for satellite images where structural clarity of objects such

as rooftops is essential. Additionally, the ResShift noise

reduction approach enhances clarity in satellite imagery,

effectively preserving edges and contrasts, which is crucial

for accurate rooftop interpretation in urban areas.

ResShift’s adaptability to various scales is highly

advantageous for applications focused on rooftop resolu-

tion enhancement, as satellite images often include roof-

tops of different sizes, shapes, and orientations. The

model’s strong texture and structure enhancement capa-

bilities reveal realistic details, making it particularly

effective for tasks such as urban planning. Combined with

its emphasis on maintaining texture fidelity, these features

make ResShift an ideal choice for improving rooftop vis-

ibility and clarity in satellite images.

As shown in Figure 2, the left side displays a section of

the original image, while the right side presents the same

area after applying super-resolution. Applying this tech-

nique significantly enhances the level of detail, providing

more precise features and improved visualization. The

selection of the ResShift super-resolution model in the

proposed methodology is non-exclusive. Other super-res-

olution models may be incorporated if project requirements

or image characteristics require it. In our experiments, the

patch size w was set to 960 pixels and the stride s to 480

pixels. Furthermore, the threshold T used for binarization

in Sect. 3.6 was set to 0.5 based on cross-validation results.

4.3 Datasets

For this project, two datasets have been selected to support

segmentation tasks and enhance image resolution models,

ensuring robustness and adaptability across different

satellite image contexts.

The first dataset, sourced from Kaggle’s Synthetic Word

OCR Dataset, entitled Mapping Challenge (Mohanty 2020)

comprises labeled images designed for segmentation tasks,

primarily focused on object detection. This extensive

dataset offers a large sample size to support optimal model

training and validation for this project. Originally posted on

the crowdAI platform as part of a competition, this dataset

includes RGB satellite images annotated with building

locations, facilitating the development of models capable

of detecting structures within new images. It has been

divided into training, testing, and validation sets to

implement this dataset effectively. Using the K-Fold cross-

validation technique, the data is split with 75% allocated

for training and 25% for testing in each experiment, while

20% of the training set is reserved for validation. The

training set contains 280,741 satellite images, each sized at

300x300 pixels in RGB format, with annotations in MS-

COCO format, accessible via a JSON file. These annota-

tions highlight segmentation details within each image.

The second dataset, Satellite Dataset I (Global Cities) (Ji

et al. 2019), is also utilized to provide a comprehensive

testing ground for model performance in diverse geo-

graphic contexts. This dataset includes high-resolution

satellite images of buildings across major cities worldwide,

allowing the model to be evaluated on diverse urban lay-

outs and building structures. This additional dataset aids in

assessing the model’s generalization capabilities and

ensures accuracy across a variety of urban landscapes.

Fig. 2 Comparison between a

normal image section (left) and

a super-resolved image section

(right)
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4.4 Metrics

For the evaluation of the models in this project, several

metrics have been employed to ensure a comprehensive

assessment of performance. The primary metric utilized is

the Mean Average Precision (mAP), calculated using the

COCO evaluation framework (Everingham et al. 2010).

This metric provides a robust measure of model perfor-

mance by evaluating precision and recall across different

thresholds for Intersection over Union (IoU) (Padilla et al.

2020), allowing for quantifying how well the model detects

and segments objects within images.

In addition to mAP, the Dice coefficient is employed to

further assess model accuracy, which is particularly rele-

vant for segmentation tasks and quantifies the overlap

between the predicted and ground truth segmentation

masks. This metric ranges from 0 to 1, with values closer to

1 indicating better agreement between the model’s pre-

dictions and the actual data.

4.5 Results

This section comprehensively analyzes the experimental

results of applying various models and strategies to the

specified datasets. The results are structured to facilitate an

understanding of the models’ performance differences and

the proposed methods’ effectiveness. In particular, three

variants have been evaluated:

• RAW: This variant corresponds to performing inference

directly on the original image without any additional

preprocessing or modification.

• RAW Composite: In this approach, the original image

is cropped into sub-images, each of which is processed

separately. The segmentation results from these sub-

images are then recomposed to form a complete

segmentation map.

• Ours: This variant represents the proposed methodology

detailed in this article. It integrates a super-resolution

step, a sliding window patch generation process, and

refined inference, resulting in improved segmentation

performance compared to the other methods.

The following subsections provide a detailed explanation

of the performance differences among these variants and

demonstrate the effectiveness of the proposed method.

4.5.1 Comparison of mean average precision (mAP)

Table 1 illustrates the Mean Average Precision (mAP)

across different models, using the first dataset (Mohanty

2020) post-split into training, validation, and testing sets.

The mAP is a crucial metric for evaluating the performance

of object detection models, providing insight into their

accuracy across multiple Intersection over Union (IoU)

thresholds. The results indicate that the proposed strategy

(labeled as OURS) consistently outperforms the raw

inference method (labeled as RAW) across most models.

Table 1 Mean Average

Precision (mAP) comparison

across different models using

the Mapping Challenge Dataset

(Mohanty 2020). The best

results are highlighted in bold

Model Strategy AP@[0.50:0.95]

(all)

AP@[0.50]

(all)

AP@[0.75]

(all)

UNET RAW 0.357 0.594 0.398

OURS 0.376 0.632 0.419

UNET11 RAW 0.362 0.599 0.405

OURS 0.392 0.648 0.442

MAnet RAW 0.357 0.598 0.394

OURS 0.375 0.631 0.413

Linknet RAW 0.301 0.505 0.340

OURS 0.385 0.648 0.432

FPN RAW 0.363 0.616 0.399

OURS 0.389 0.663 0.429

PSPNet RAW 0.306 0.547 0.324

OURS 0.324 0.578 0.344

PAN RAW 0.297 0.537 0.315

OURS 0.319 0.584 0.335

DeepLabV3 RAW 0.350 0.593 0.389

OURS 0.350 0.606 0.383

DeepLabV31 RAW 0.346 0.594 0.384

OURS 0.374 0.638 0.416
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For example, in the UNET model, the mAP@[0.50:0.95]

(that is, the mean of average precisions for IoU thresholds

from 0.5 to 0.95, as computed using the COCO framework

(Padilla et al. 2020)) increased from 0.357 to 0.376,

demonstrating a notable improvement. Similar trends were

observed in other architectures, such as UNET?? and

MAnet, where the proposed method significantly enhanced

the precision values.

Particularly noteworthy is the performance of the Lin-

knet model, where the mAP@[0.50:0.95] exhibited an

increase from 0.301 in the RAW strategy to 0.385 with the

OURS strategy. This improvement suggests that the sliding

window approach combined with super-resolution and

mask reconstruction contributes to a more refined detection

capability, even in models that initially displayed lower

performance. Moreover, the FPN model also showed sub-

stantial enhancements, with a rise in mAP@[0.50:0.95]

from 0.363 to 0.389, further supporting the effectiveness of

the proposed method. Conversely, the PSPNet and PAN

models demonstrated less improvement, highlighting that

specific architectures may benefit more from the proposed

enhancements than others.

The results across the table underscore the overall trend

that integrating advanced techniques such as super-reso-

lution and structured reconstruction significantly improves

model performance, as reflected in the higher precision

scores across all evaluated metrics. This reinforces the

importance of model architecture selection and method

application in achieving optimal detection results. It is

important to note that the RAW COMPOSITE strategy was

not evaluated in this study. This decision was based on the

initial size of the images, which was already suitable for

direct input into the models. Consequently, generating

patches directly from the original images was not feasible,

as the dimensions needed to allow for effective segmen-

tation through this method. This limitation emphasizes the

need to carefully consider image dimensions when select-

ing preprocessing strategies for different model

architectures.

4.5.2 Evaluation of DICE score

Table 2 presents a comparative analysis of strategies using

DICE scores for the second dataset (Ji et al. 2019), as

COCO-format annotations were unavailable, making this

alternative metric necessary (but please note that the DICE

coefficient is very similar to the IoU (Nazzal et al. 2024)).

The evaluation categorizes each model’s performance into

three strategies: RAW SIMPLE, RAW COMPOSITE, and

OURS.

The results reveal that the OURS strategy consistently

outperforms both RAW strategies across most models. For

example, in the UNET model, the DICE score improved

from 0.48 in the RAW SIMPLE method to 0.60 in OURS,

signifying a substantial enhancement in segmentation

accuracy. In the case of UNET??, the performance gap

was also pronounced, with a DICE score of 0.36 for RAW

SIMPLE advancing to 0.54 in OURS. This indicates that

incorporating the proposed strategy yields significant gains

in segmentation effectiveness, particularly for architectures

that traditionally struggle with raw inference methods.

The performance of the Linknet model is particularly

striking, showcasing an increase from 0.40 in RAW SIM-

PLE to 0.60 in OURS for DICE scores. This improvement

highlights the potential of the proposed method to enhance

models that rely heavily on precise segmentation capabil-

ities. In contrast, models such as DeepLabV3 and PAN

showed more modest improvements, suggesting that

specific architectures may not fully leverage the benefits of

the proposed techniques.

Overall, the results reaffirm the effectiveness of the

OURS strategy in enhancing segmentation metrics such as

DICE scores. The clear trend across multiple models

indicates that the proposed enhancements contribute sig-

nificantly to improved performance, thereby underscoring

the relevance of innovative approaches in advancing model

capabilities in image segmentation tasks.

Figure 3 compares segmentation results from different

strategies. The top part features the original image with its

corresponding ground truth mask, providing an apparent

reference for evaluation. The lower section contrasts three

methods: RAW SIMPLE, RAW COMPOSITE, and OURS.

Notably, the OURS strategy successfully segments more

objects than the other two methods, demonstrating

enhanced accuracy and effectiveness in object detection.

This improvement highlights the benefits of incorporating

advanced techniques in the segmentation process.

Table 2 Comparison of Strategies: DICE Score using the Satellite

Dataset I (Global Cities) (Ji et al. 2019). The best results are high-

lighted in bold

Strategy

Model RAW SIMPLE RAW COMPOSITE OURS

Unet 0.48 0.50 0.60

Unet?? 0.36 0.37 0.54

MAnet 0.45 0.48 0.51

Linknet 0.40 0.42 0.60

FPN 0.43 0.46 0.49

PSPNet 0.37 0.41 0.56

PAN 0.51 0.53 0.51

DeepLabV3 0.45 0.48 0.44

DeepLabV3? 0.45 0.49 0.56
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4.5.3 A practical application case: the effect of realistic
deployment strategies on the cell switch-off problem

To practically test the proposed solution within a 5 G

network context, we analyze its impact on the cell switch-

off (CSO) problem, a multi-objective optimization problem

that aims to minimize energy consumption of the network

while maximizing network capacity. The goal is to deac-

tivate a subset of deployed BSs while maintaining an

adequate level of service for user equipment. This problem

has been widely studied in the literature, and our approach

is based on multi-objective evolutionary algorithms

(MOEAs), specifically using NSGA-II (Deb et al. 2002), as

presented in Galeano-Brajones et al. (2023, 2024). This

algorithm efficiently explores the trade-offs between

conflicting objectives, just as in the case of the CSO

problem, by evolving a diverse population of candidate

solutions over multiple generations. The selection process

is based on non-dominated sorting, ensuring that better

trade-off solutions receive higher priority, while crowding

distance preservation maintains solution diversity across

the Pareto front approximation.

A key aspect of solving the CSO problem is the accurate

modeling of base station deployment, as the placement of

these elements directly affects energy consumption and

network coverage. Among the various strategies developed

for realistic network deployments and traffic modeling, our

approach builds upon the method introduced in Mirahsan

et al. (2015). This method models traffic heterogeneity

using three independent Poisson Point Processes (PPPs) for

Fig. 3 The images are displayed

in a vertical sequence, starting

with the original image and its

ground truth mask, followed by

the three segmentation

alternatives: RAW SIMPLE,

RAW COMPOSITE, and

OURS, in that order using the

Unet Model
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base stations, user equipment, and social attractors (points

of interest for network users). PPPs are widely used in the

literature as they provide a balance between methodolog-

ical simplicity and realistic spatial distributions, making

them suitable for modeling the irregular placement of

network infrastructure in urban environments.

To evaluate the impact of realistic deployment con-

straints, we compare two deployment strategies in the CSO

optimization process:

• Baseline strategy (Mirahsan et al. 2015). A conven-

tional deployment model where BSs are placed without

constraints, potentially leading to unrealistic locations

(e.g., roads or open areas).

• Feasibility mask strategy. A deployment model where

BSs are only placed on rooftops, as determined by our

segmentation model. This strategy follows the same

deployment model as the baseline, but ensuring that all

base stations are placed within feasible rooftop loca-

tions by resampling any generated points that fall

outside identified rooftops.

Given that the effectiveness of the feasibility mask strategy

depends directly on the accuracy of the segmentation

model used to identify valid deployment locations, we

conducted our experiments using the segmentation

approach proposed in this study. According to the results

obtained in this work, our segmentation model provides the

most precise identification of rooftops, ensuring that the

feasibility masks used in the optimization process closely

match real-world deployment constraints. This choice

guarantees that the comparison between the baseline and

feasibility mask strategies is not biased by segmentation

inaccuracies, which allows us to better isolate the impact of

realistic deployment constraints on the optimization

process.

Figure 4 compares the Pareto fronts obtained for both

strategies. The blue triangles represent the feasibility mask

strategy, ensuring base stations are only deployed in valid

rooftop locations. The orange circles correspond to the

baseline strategy, where no feasibility constraints are

applied. Since the CSO problem is multi-objective, both

strategies approximate the Pareto front, balancing the

trade-offs between reducing energy consumption and

maintaining network capacity. To ensure statistical

robustness, we performed 10 independent executions of the

optimization process. The reported front corresponds to the

50% attainment surface, which includes all objective vec-

tors attained in at least half of the runs. This representation,

computed using the visualization tool from Knowles

(2005), provides a representative and probabilistically

meaningful view of the algorithm’s typical behavior across

multiple executions.

The results indicate that using the feasibility mask

strategy leads to solutions that achieve higher network

capacity, but only in the higher power consumption range.

In contrast, the baseline strategy achieves a lower energy

consumption, as base stations can be placed more freely,

allowing greater flexibility in the CSO process. This

increased flexibility enables more aggressive cell switch-

off, leading to lower power consumption but at the cost of

reduced network capacity, and highlights the fundamental

trade-off in CSO optimization: as base stations are deac-

tivated to reduce energy consumption, network capacity

decreases since fewer active base stations mean fewer radio

resources available to users. However, the baseline strategy

appears more energy-efficient in the lower consumption

range, suggesting that greater flexibility in base station

placement allows configurations that optimize energy

consumption more effectively. In contrast, the feasibility

mask strategy produces higher-capacity solutions but only

in the high-energy space, reinforcing the importance of

considering realistic deployment constraints when opti-

mizing 5 G networks. However, the differences between

both strategies remain relatively small, suggesting that

PPP-based deployment models provide a sufficiently

accurate approximation of real-world base station distri-

butions while maintaining methodological simplicity. This

validates the use of PPP-based approaches for network

optimization, as they capture the essential trade-offs

between energy efficiency and capacity without introduc-

ing excessive complexity.

5 Conclusions and future lines

The experimental results demonstrate the significant

impact of the proposed methodologies on model perfor-

mance, as evidenced by the quantitative analyses presented

in Tables 1 and 2. The Mean Average Precision (mAP)

results indicate consistent improvements across various

models, particularly integrating advanced techniques such

Fig. 4 Comparison between deployment strategies on the CSO

problem
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as super-resolution and mask reconstruction. For example,

models like Linknet exhibited substantial gains in mAP,

starting at 30.1% to 38.5% when transitioning from the raw

inference method to the proposed strategy. This under-

scores the effectiveness of the proposed enhancements in

enhancing detection accuracy.

Similarly, the evaluation based on the DICE score in the

second dataset reaffirms these findings. The OURS strategy

notably improved the performance metrics for models such

as UNET and Unet??, with DICE scores rising from 0.48

to 0.60 and 0.36 to 0.54, respectively. These improvements

highlight the potential of our approach to refine segmen-

tation capabilities across different architectures. Visual

enhancements are also evident in the qualitative results in

Figure 3, where the proposed methods yield clearer and

more accurate segmentations than traditional RAW

strategies. The visual improvements align with the quan-

titative results, further validating the effectiveness of the

implemented techniques.

Future research directions will explore the application of

these methodologies to predict building heights from aerial

imagery. By adapting the proposed strategies to extract

features relevant to height estimation, it is anticipated that

the models can be refined to offer precise predictions,

thereby contributing to urban planning and development

efforts. Furthermore, continued investigation into other

architectural designs and data augmentation techniques

could yield additional improvements and broaden the

applicability of the proposed methods across various

domains.
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