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Abstract 

 

Accurate extraction of water bodies from remote sensing imagery is essential for environmental monitoring, water resource 

management, and hydrological applications. However, the performance of deep learning models for water segmentation depends on 

the availability of representative datasets that capture diverse environmental and spectral conditions, particularly in tropical and semi-

arid regions that remain underrepresented in existing datasets. This study presents the Pernambuco Waterbody Dataset (PWD), a multi-

source dataset comprising aerial and satellite remote sensing imagery for water body segmentation. The dataset covers the state of 

Pernambuco, Brazil, including tropical and semi-arid environments associated with the Atlantic Forest and Caatinga biomes. The 

dataset includes high-resolution aerial imagery (0.5 m) from the Pernambuco Tridimensional Program (PE3D) and Sentinel-2A 

imagery (10 m), with manually annotated water bodies generated by cartographic specialists. The dataset was constructed through data 

acquisition, preprocessing, manual annotation, mask generation, patch extraction (512 × 512 pixels), and division into training, 

validation, and test subsets. The first version includes 51,743 aerial patches and 15,321 Sentinel-2A patches. To validate the dataset, 

U-Net, U-Net++, and DeepLabV3+ architectures with ResNet and EfficientNet backbones were evaluated using Recall, Precision, F1-

score, and IoU metrics. The best performance was achieved by U-Net++ (ResNet34) for aerial imagery (IoU 0.946) and U-Net 

(ResNet34) for Sentinel-2A imagery (IoU 0.871). Overall, the proposed dataset provides a robust benchmark for advancing deep 

learning-based water body extraction using multi-source remote sensing data. 

 

 

1. Introduction 

Water plays a vital role in human life and has significant 

ecological importance (Attya et al., 2025; Chen et al., 2024; 

Jonnala et al., 2025). Water resources directly influence human 

health (Knight et al., 2022; Yu et al., 2021), impacting quality of 

life, and constitute essential sources for agricultural production, 

industrial activities, and energy generation (Lei et al., 2025; 

Nagaraj and Kumar, 2023). 

Surface water resources cover approximately 3% of the global 

land surface (Klein et al., 2017). In the Brazilian context, it is 

estimated that around 240,000 water bodies have been mapped, 

covering an area of 173,749.56 km², which corresponds to 

approximately 2% of the national territory (National Water and 

Sanitation Agency, 2022). 

The investigation, detection, and mapping of these areas are 

crucial for water resource management, flood risk assessment, 

coastal zone planning, environmental studies, and land use 

planning. In this context, water body extraction from remote 

sensing imagery has become one of the main approaches for 

obtaining information on the spatial distribution of surface water 

bodies (Zhang et al., 2023).   
Over the past decade, researchers have proposed approaches 

ranging from traditional computer vision methods, such as 

thresholding techniques applied to spectral water indices (Du et 

al., 2016; Wu et al., 2018; Zhai et al., 2015), to Machine Learning 

(ML) methods (Bangira et al., 2019; Hibjur Rahaman et al., 2023; 

Li et al., 2021). 

Deep Learning (DL) methods have demonstrated superior 

performance in various computer vision tasks, including 

classification, object detection, and semantic segmentation 

(Yuan et al., 2021). Since water body extraction in remote 

sensing imagery is a typical image segmentation task, deep 

learning has been widely recognized as an effective approach for 

extracting and interpreting spatial and semantic features, mainly 

through Deep Neural Networks (DNNs) (Li et al., 2025, 2022; 

Xiang et al., 2025). 

Semantic segmentation networks are capable of learning texture, 

spectral, and other high-dimensional features from labeled 

datasets and subsequently using these features to extract regions 

of interest in images (Xiang et al., 2025). These methods 

eliminate the need for manual threshold tuning, scale efficiently 

to large datasets, and exhibit greater flexibility and generalization 

capability, which explains their widespread adoption in water 

body extraction studies (Chen et al., 2024). 

Despite the strong performance of DNN models, the main 

bottleneck is the lack of ground truth labels for model training 

and testing. DNN models require large volumes of training 

images with corresponding high-quality labels, whereas labeling 

pixel-wise ground truth masks is a laborious and time-consuming 

task (Vongkusolkit et al., 2023). Similarly, Portalés-Julià et al. 

(2023) highlight that the training process of deep learning 

methods requires a huge amount of labeled data, namely 

annotated reference masks that are fed into the network to learn 

the relevant features and the best mapping to classify water. 

However, many publicly available datasets present limitations 

related to geographic diversity, spatial resolution, and 

environmental variability. In particular, tropical and semi-arid 

environments exhibit significant spectral and morphological 

variability of water bodies, which makes the segmentation task 

more challenging. In these regions, the presence of seasonal 

vegetation, intermittent water bodies, variations in turbidity, and 

changes in illumination conditions over time contribute to 
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increasing the complexity of identifying these features in remote 

sensing imagery. 

Furthermore, there is a scarcity of datasets specifically focused 

on the Brazilian territory, especially in regions characterized by 

high environmental heterogeneity, such as the Northeast of 

Brazil. This limitation hinders not only the development but also 

the systematic evaluation of water body segmentation methods in 

complex, representative environmental scenarios. 

In this context, this study makes four main contributions: 

1. The introduction of the Pernambuco Waterbody 

Dataset (PWD), a high-resolution multi-source remote 

sensing dataset for water body extraction, covering the 

State of Pernambuco, Brazil, and encompassing both 

tropical and semi-arid environments associated with 

the Atlantic Forest biomes and Caatinga; 

2. The inclusion of water bodies annotated through 

expert-driven interpretation; 

3. The representation of diverse hydrological contexts, 

including natural features such as lakes and lagoons, 

artificial structures such as reservoirs, dams, and small 

impoundments, as well as watercourses and coastal 

environments, characterized by strong spectral 

variability across space and time; and 

4. The provision of a challenging benchmark dataset that 

captures a wide range of water body shapes, sizes, and 

environmental conditions, including complex 

scenarios such as urban areas and densely vegetated 

regions, thereby increasing the difficulty and relevance 

of the segmentation task. 

 

2. Related Works 

Several remote sensing image datasets used as benchmarks for 

evaluating neural networks are publicly available. Among the 

most commonly used datasets for water body segmentation are 

the Gaofen Image Dataset (GID) (Tong et al., 2020), the Land-

Cover Domain Adaptive Semantic Segmentation (LoveDA) 

dataset (Wang et al., 2021), and Sen1Floods11 (Bonafilia et al., 

2020). 

The GID dataset consists of 150 Gaofen-2 images acquired over 

more than 60 cities in China, with dimensions of approximately 

6800 × 7200 pixels and a spatial resolution of 4 m. The LoveDA 

dataset contains images from Google Earth, including urban and 

rural scenes from three Chinese cities, with a size of 1024 × 1024 

pixels and a spatial resolution of 0.3 m. However, both datasets 

were originally designed for land-use and land-cover 

segmentation, often requiring sample selection and adaptation to 

a binary classification problem (water vs. non-water), which 

limits the number of usable samples. 

Sen1Floods11 comprises Sentinel-1 images for mapping 

permanent water bodies and flood events, with patches of 512 × 

512 pixels and a spatial resolution of 10 m. Similarly, other flood 

segmentation datasets have been proposed, such as FloodNet  

(Rahnemoonfar et al., 2021), based on high-resolution UAV 

imagery (1.5 cm); GF-FloodNet (Zhang et al., 2023), composed 

of Gaofen-3 and Gaofen-2 imagery; and UrbanSARFloods, 

(Zhao et al., 2024), which uses Sentinel-1 data and 

interferometric coherence, containing 8,879 samples of 512 × 

512 pixels across five continents and 18 flood events. In contrast, 

most of these datasets are primarily focused on flood-related 

scenarios, limiting their applicability to general water body 

segmentation tasks. 

Other datasets include LandCover.ai (Boguszewski et al., 2021) 

and DeepGlobe (Demir et al., 2018), designed for land cover 

segmentation including water classes; PakSAT (Abid et al., 

2021) , developed using Sentinel-2 imagery for water 

segmentation; the Irish Coastal Segmentation (LICS) dataset 

(O’Sullivan et al., 2024) and the Sea-Land dataset (Yang et al., 

2020) , both based on Landsat imagery for coastal water 

segmentation; and S1S2-Water (Wieland et al., 2024), a global 

dataset for semantic segmentation of surface water bodies using 

Sentinel-1 and Sentinel-2 data. Finally, SEN12-WATER (Russo 

et al., 2025) is a multi-source and multi-temporal dataset that 

integrates SAR data, elevation, slope, and multispectral optical 

bands acquired over time. 

 

3. Method 

3.1 Dataset 

The Pernambuco Waterbody Dataset (PWD) is a multi-source 

remote sensing dataset that combines aerial and orbital 

multispectral imagery with pixel-level manual annotations for 

water body segmentation. This subsection describes the data used 

in this study and the methodology adopted for dataset 

construction, including data sources, coverage area, the 

construction process, and dataset organization. 

 

3.1.1 Coverage Area: The images that compose the dataset 

cover the State of Pernambuco, Brazil (Figure 1). The region 

includes water bodies of varying shapes and sizes, such as natural 

lakes, reservoirs, and dams, and is composed of 13 river basins 

(APAC, 2023), with an emphasis on the São Francisco River and 

its tributaries, located in the southern part of the state. 

The state is subdivided into three distinct mesoregions. The Zona 

da Mata, located in the eastern portion along the coastline, is 

characterized by high rainfall levels, with annual accumulated 

precipitation reaching approximately 2,000 mm (APAC, 2023), 

the presence of perennial rivers, and the predominance of the 

Atlantic Forest biome. The Agreste represents a transition zone 

between the Caatinga and Atlantic Forest biomes, with more 

humid conditions in its eastern portion and progressively drier 

conditions toward the interior, with periodic droughts. The 

Sertão, located in the western region, has a semi-arid climate, 

with irregular and scarce rainfall, annual accumulated 

precipitation ranging from 250 to 600 mm (APAC, 2023), 

predominantly intermittent rivers, and vegetation typical of the 

Caatinga biome. 

Due to the region's environmental characteristics, especially in 

semi-arid areas, water bodies play a fundamental role in water 

supply, energy production, and agricultural irrigation. 

 

 
Figure 1. Coverage Area (State of Pernambuco). 
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3.1.2 Data Sources: Orbital images used in this study were 

obtained from the MultiSpectral Instrument (MSI) sensor 

onboard the Sentinel-2A satellite. According to the Copernicus 

Program, Sentinel-2A was launched in 2015 by the European 

Space Agency and is part of the Sentinel-2 mission, which also 

includes the Sentinel-2B satellite, launched in 2017. The MSI 

sensors have 13 spectral bands with different spatial resolutions 

(10, 20, and 60 m), a swath width of 290 km, and, together, 

provide a revisit time of approximately 5 days, enabling the 

monitoring and analysis of water bodies at large spatial and 

temporal scales. 

The images were acquired through the Copernicus Data Space 

Ecosystem Browser, covering the period from January 2016 to 

January 2026, with maximum cloud coverage of 0.5% and 

processing level 2A, which provides orthorectified bottom-of-

atmosphere (BOA) surface reflectance (Sentinel Hub, 2025). 

Aerial images were obtained from the Pernambuco 

Tridimensional Program (PE3D), an initiative of the Government 

of the State of Pernambuco and the Secretariat of Economic 

Development. The program provides statewide aerial 

photogrammetric and LiDAR data covering the entire State of 

Pernambuco, Brazil, acquired between April 2014 and March 

2017, totaling approximately 10,500 RGB orthophotos with a 

spatial resolution of 50 cm. The data are freely available at 

https://www.pe3d.pe.gov.br/mapa.php. 

 

3.1.3 Construction: The construction process of the PWD 

was structured into sequential stages, including image 

preprocessing, water body vectorization, segmentation mask 

generation, image tiling into patches, and data splitting into 

training, validation, and test sets. 

For the first version of the dataset, 517 aerial images with 

approximate dimensions of 7,119 × 4,856 pixels and 40 Sentinel-

2A images with dimensions of approximately 10,980 × 10,980 

pixels were selected. The scenes were manually selected to 

maximize the inclusion of water bodies, covering targets with 

diverse appearances, sizes, and shapes, as well as variations 

across environmental and geographic contexts, including urban, 

rural, tropical, and semi-arid regions, to enhance dataset 

representativeness and suitability for segmentation tasks. 

Preprocessing of Sentinel-2A imagery was performed using a 

Python-based workflow, primarily relying on the Rasterio and 

NumPy libraries. Rasterio was used for reading, writing, and 

handling raster data, while NumPy was employed for matrix 

operations and spectral index calculations. 

The selected bands for dataset composition were Blue (458–523 

nm), Green (543–578 nm), Red (650–680 nm), and Near-infrared 

(NIR) (785–900 nm), all with a spatial resolution of 10 m. This 

selection is justified by the ability of visible bands (RGB) to 

capture spectral information related to color, texture, and surface 

context, while the NIR band is particularly effective for 

discriminating between water and land, as water strongly absorbs 

energy in this spectral range (Jensen, 2014). 

The orbital images were individually reprojected to the SIRGAS 

2000 coordinate reference system, using UTM zones 24S 

(EPSG:31984) and 25S (EPSG:31985), according to the spatial 

coverage of each scene. The nearest neighbor resampling method 

was applied to preserve the original reflectance values. 

Subsequently, the Normalized Difference Water Index (NDWI) 

(McFeeters, 1996), was computed, as defined in Equation 1: 

𝑁𝐷𝑊𝐼 =
𝐺𝑟𝑒𝑒𝑛 −  𝑁𝐼𝑅

𝐺𝑟𝑒𝑒𝑛 +  𝑁𝐼𝑅
 (1) 

 

The spectral bands and the NDWI were exported as separate 

GeoTIFF image channels. Aerial images did not undergo 

preprocessing, as they are already provided in RGB composition 

and referenced to the SIRGAS 2000 coordinate system, using 

UTM zones 24S (EPSG:31984) and 25S (EPSG:31985). 

After preprocessing and scene selection, the manual annotation 

process was initiated, in which water bodies were vectorized by 

three cartographic experts through on-screen visual interpretation 

using the QGIS software (Long-Term Release version 3.40.7). 

Vectorization of aerial imagery was based on true-color (RGB) 

composition, whereas for Sentinel-2A imagery, water body 

identification and delineation were guided by the NDWI index. 

The annotation process was conducted independently to 

minimize potential bias in delineating water bodies. After the 

initial annotation, the results were reviewed to ensure consistency 

and reliability across the dataset. 

The vectorization process considered spectral, geometric, and 

contextual criteria and was performed at a scale compatible with 

the spatial resolution of the images. To support feature 

identification, official vector datasets of water bodies from the 

National Water and Sanitation Agency and the 3rd 

Geoinformation Center were used. 

It is important to note that, due to the environmental 

characteristics of the study area, where water bodies exhibit 

significant seasonal variations between dry and wet periods, the 

delineations performed directly on the images were adopted as 

ground truth, representing the conditions at the time of image 

acquisition. 

Reference masks were generated from vector polygons of water 

bodies and converted to raster format using the same grid as the 

input images, yielding pixel-level binary masks, where 1 

represents water and 0 represents non-water. 

After mask generation, both images and their corresponding 

labels were partitioned into non-overlapping patches of 512 × 

512 pixels. During this process, patches containing NoData 

values were automatically discarded. 

Finally, the dataset was split into training, validation, and test sets 

in proportions of 60%, 20%, and 20%, respectively, ensuring no 

spatial overlap between subsets. The split was performed at the 

image level, so that Sentinel-2A images acquired at different 

dates from the same area were assigned to the same subset. This 

strategy aimed to prevent spatial leakage and to enable evaluation 

of the model’s generalization capability on unseen geographic 

areas.  

Additionally, the split was designed to maintain a balanced 

distribution of water and non-water pixels across the subsets, 

ensuring consistent class representation across the training, 

validation, and test sets. Figure 2 presents the resulting 

distribution. 

 

 
Figure 2. Water Pixel Distribution Across Dataset Splits. 

 

A significant difference in the proportion of the water class is 

observed across the dataset subsets. While the subset derived 

from Sentinel-2A imagery contains approximately 0.78% water 

pixels, the aerial imagery subset presents around 19%. Sentinel-

2A images cover large areas, predominantly composed of 

terrestrial surfaces, which reduces the relative proportion of 

water pixels and makes it more challenging to select 
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representative regions of water bodies. In contrast, aerial 

imagery, due to its smaller spatial coverage and higher spatial 

detail, enables a more precise selection of regions with a higher 

water body presence. 

The dataset includes structured metadata to support 

reproducibility and facilitate its use in further research. The 

metadata include information on geographic location, the 

proportion of water pixels per sample, data type and spectral 

bands, patch dimensions, and dataset partition (training, 

validation, or test). 

In summary, the first version of the PWD consists of multi-source 

remote sensing image samples, with spatial resolutions of 0.5 m 

for aerial imagery and 10 m for Sentinel-2A orbital imagery. 

Each sample corresponds to 512 × 512 pixel patches, totalling 

51,743 aerial image patches and 15,321 orbital image patches 

(Table 1). All samples and their corresponding labels include 

geographic coordinates and are stored as GeoTIFFs. It is 

important to note that the original spatial resolution of the images 

was preserved without resampling, to avoid degradation or loss 

of relevant spatial information 

 

Source PE3D Sentinel – 2A 

Platform Airborne Satellite 

Spatial Resolution (m) 0.5 10 

Bands RGB RGB + NIR 

Number of Patches 

(512×512) 
51,743 15,321 

Table 1. Summary of the PE3D and Sentinel-2A Datasets 

3.2 Models 

To validate the applicability of the dataset for water body 

extraction, the U-Net model (Ronneberger et al., 2015), with 

ResNet34 and EfficientNet-B0 backbones; DeepLabV3+ (Chen 

et al., 2018), with ResNet50; and U-Net++ (Zhou et al., 2018), 

with ResNet34 were employed. These architectures are widely 

used in the literature for semantic segmentation tasks. All models 

adopt an encoder–decoder structure. 

U-Net employs skip connections between corresponding encoder 

and decoder layers, allowing the network to retain high-

frequency information during upsampling, thereby improving 

reconstruction accuracy and mitigating information loss and 

vanishing gradients (Sim et al., 2024; Wang et al., 2024). In U-

Net++, in addition to skip connections, intermediate dense 

connections are introduced to facilitate semantic fusion between 

feature maps at different levels, reducing the semantic gap 

between the encoder and decoder (Lyu et al., 2023). The 

DeepLabV3+ model expands the receptive field through dilated 

convolutions and combines multi-scale feature maps using the 

Atrous Spatial Pyramid Pooling (ASPP) module (Chen et al., 

2025). 

The backbones were selected among those most commonly 

reported in the literature for water segmentation tasks, also 

considering computational resource constraints. ResNet (He et 

al., 2016), by stacking residual blocks, enables more effective 

capture of both local details and contextual information, 

enhancing the representational power of the network (Liu et al., 

2024). EfficientNet, on the other hand, employs Mobile Inverted 

Bottleneck Convolution (MBConv) blocks combined with 

Squeeze-and-Excitation (SE) modules, and adopts a compound 

scaling strategy, enabling hierarchical feature extraction and the 

simultaneous capture of fine details and high-level contextual 

information, resulting in improved generalization capability 

(Gautam and Singhai, 2024). 

 

3.3 Training Setup 

The experiments were conducted in the Google Colab 

environment, using the PyTorch framework with NVIDIA A100 

GPU acceleration. The segmentation architectures were 

implemented using the segmentation_models.pytorch library 

(Iakubovskii, 2019). The backbones were initialized with weights 

pre-trained on the ImageNet dataset. 

Training was performed with a batch size of 64 images and a 

spatial resolution of 512 × 512 pixels. For aerial data, visible 

spectrum bands (RGB) were used, whereas for Sentinel-2A data, 

the near-infrared (NIR) band was also included. 

The networks were trained for up to 100 epochs using the 

AdamW optimizer, with an initial learning rate of 1×10⁻⁴. To 

address class imbalance, a weighted combination of Binary 

Cross-Entropy (BCE) and Dice Loss functions was employed. 

To ensure reproducibility, a fixed random seed was adopted. A 

ReduceLROnPlateau scheduler was used to adjust the learning 

rate based on validation IoU, with a factor of 0.5, patience of 4 

epochs, and a threshold of 0.002. Early stopping was applied with 

a patience of 10 epochs and a minimum IoU improvement of 

0.002 after a 5-epoch warm-up period. 

During training, a data augmentation strategy was applied to 

increase the size and diversity of the training set and reduce 

overfitting, thereby improving model generalization (Buslaev et 

al., 2020). Geometric and radiometric transformations were 

implemented using the Albumentations library (Buslaev et al., 

2020). Geometric transformations included horizontal and 

vertical flips (HorizontalFlip and VerticalFlip) and rotations in 

multiples of 90° (RandomRotate90), applied probabilistically. 

Radiometric transformations involved random brightness and 

contrast adjustments (RandomBrightnessContrast) and the 

addition of Gaussian noise (GaussNoise), applied only to aerial 

images to simulate illumination variations and noise commonly 

found in remote sensing data. 

 

3.4 Model evaluation metrics 

In this study, four evaluation metrics were used: Recall, 

Precision, F1-Score and Intersection over Union (IoU). Recall 

(R) (Equation 2) is defined as the ratio between the number of 

correctly predicted pixels (True Positives) and the total number 

of positive pixels (Wang et al., 2020). Precision (P) (Equation 3) 

is the proportion of true positives among all predicted positive 

pixels. In other words, precision represents the proportion of 

pixels correctly classified as water among all pixels classified as 

water (Isikdogan et al., 2017). The F1-score (Equation 4) 

corresponds to the harmonic mean of Precision and Recall, 

ranging from 0 to 1, where 1 indicates perfect performance and 0 

the worst possible performance (Li et al., 2019). The Intersection 

over Union (IoU) (Equation 5) also ranges from 0 to 1, where 0 

indicates no overlap and 1 represents perfect agreement between 

the segmentation and the ground truth. Therefore, models with 

values closer to 1 perform better at identifying and classifying 

relevant pixels, ensuring that the segmented output closely 

matches the ground truth (Thomas Ramos and Sappa, 2024). 

𝑅𝑒𝑐𝑎𝑙𝑙 (𝑅) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (2) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 (𝑃) =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(3) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑟𝑒𝑐𝑎𝑙𝑙

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙
 

(4) 
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𝐼𝑜𝑈 =
⌈𝐴 ∩ 𝐵⌉

|𝐴 ∪ 𝐵|
=

𝑇𝑃

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁
 (5) 

 

For the task of water body segmentation, True Positive (TP) 

corresponds to water pixels present in the input image that were 

correctly identified by the model as belonging to the water class; 

True Negative (TN) refers to non-water pixels correctly classified 

as non-water; False Positive (FP) occurs when non-water pixels 

are incorrectly classified as water (commission error); and False 

Negative (FN) corresponds to water pixels that were incorrectly 

classified as non-water (omission error). The best model 

evaluated in this study was selected based on the IoU metric on 

the validation set and subsequently used for evaluation on the test 

set. 

4. Results 

The models were trained separately for each data source, using 

visible spectrum bands (RGB) for aerial imagery and both RGB 

and near-infrared (NIR) bands for Sentinel-2A imagery. 

Table 2 shows that, among the evaluated architectures, U-Net++ 

with a ResNet34 encoder achieved the best performance in the 

segmentation of aerial imagery, reaching an IoU of 0.946 and an 

F1-score of 0.972 on the test set, demonstrating the model’s 

ability to accurately identify water pixels. The remaining 

architectures also achieved similar results, with values above 

0.92 and differences below 0.02 across all metrics, indicating 

consistent performance among the evaluated models. 

 

Architecture Backbone P R 
F1-

score 
IoU 

U-Net ResNet34 0.967 0.976 0.971 0.944 

U-Net EfficientNet-b0 0.959 0.979 0.969 0.939 

DeepLabV3+ ResNet50 0.967 0.974 0.970 0.943 

U-Net++ ResNet34 0.971 0.974 0.972 0.946 

Table 2. Evaluation metrics for water body segmentation on 

aerial imagery 

It is important to note that U-Net++ presented a lower recall 

(0.974) but achieved the highest precision (0.971), whereas the 

EfficientNet-b0 architecture obtained the highest recall (0.979) 

and the lowest precision (0.959). In this context, U-Net++ 

achieves the best F1-score (0.972), indicating a more balanced 

trade-off between precision and recall, which reflects a better 

balance between omission and commission errors, especially in 

spectrally complex regions. 

The model inferences across different geographic contexts, 

including urban and rural environments, spanning semi-arid and 

tropical regions, and covering water bodies with varying sizes, 

shapes, and tonalities, are presented in Figure 3. The scenes 

include: (a) Itamaragi reservoir, Exu–PE; (b) a reservoir located 

in a semi-arid region, Granito–PE; (c) a reservoir in the Zona da 

Mata region, Barra de Sirinhaém–PE; (d) margins of the São 

Francisco River; (e) a tributary of the Capibaribe River, Recife–

PE; (f) Botafogo Dam, Igarassu–PE; and (g) a reservoir in 

Itapissuma–PE.  

 

 

 
Figure 3. Water segmentation results using aerial imagery 

 

The results show segmentation masks with well-defined water 

boundaries, with only minor inaccuracies at object edges, low 

noise levels, and a reduced occurrence of false positives. 

The results obtained from the models for Sentinel-2A image 

segmentation (Table 3) indicate that the U-Net with a ResNet34 

backbone achieved the best performance, reaching an IoU of 

0.871 and an F1-score of 0.931 on the test set. Similar to the 

results observed for aerial imagery, the models exhibited 

comparable performance, with only minor variations across the 

evaluated metrics. Notably, U-Net++ with ResNet34 achieved a 

precision of 0.956, while DeepLabV3+ with ResNet50 achieved 

a recall of 0.930. 

 

Table 3. Evaluation metrics for water body segmentation on 

Sentinel-2A imagery. 

As observed in the aerial data, U-Net++ achieves the highest 

precision (0.956) but the lowest recall (0.893), whereas 

DeepLabV3+ presents the highest recall (0.930) but the lowest 

precision (0.923). However, U-Net provides the best balance 

between both metrics, achieving the highest F1-score (0.931). 

Similarly, the segmentation results for Sentinel-2A imagery are 

presented in Figure 4. The scenes include: (a) margins of the São 

Francisco River; (b) Ingazeira Dam, Ingazeira–PE; (c) Poções 

reservoir, Monteiro–PB; (d) Algodões reservoir, Ouricuri–PE; 

(e) São Francisco River, Petrolina–PE; (f) Poço da Cruz 

reservoir, Ibimirim–PE; and (g) Luanda stream, Serra Talhada–

PE.  

 

 

Architecture Backbone P R 
F1-

score 
IoU 

U-Net ResNet34 0.943 0.919 0.931 0.871 

U-Net EfficientNet-b0 0.942 0.914 0.928 0.865 

DeepLabV3+ ResNet50 0.923 0.930 0.926 0.863 

U-Net++ ResNet34 0.956 0.893 0.924 0.858 
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Figure 4. Water segmentation using Sentinel-2A imagery. 

 

The segmentation masks show coherent delineation of water 

features, with low noise levels and a reduced occurrence of false 

positives. However, less smooth boundaries and some 

inaccuracies are observed, as well as partial omissions of 

narrower features in certain cases, compared to the aerial imagery 

results. 

Overall, the models demonstrate satisfactory generalization, 

identifying water bodies of varying sizes, shapes, and spectral 

patterns. However, both experiments showed greater difficulty in 

segmenting areas with partial vegetation cover and narrow rivers. 

The performance difference observed between aerial and 

Sentinel-2A imagery is mainly attributable to spatial resolution, 

particularly in accurately delineating water body boundaries. The 

higher spatial resolution of aerial data (0.5 m) enables better 

representation of fine structures, such as narrow rivers and 

complex boundaries, whereas in Sentinel-2A imagery (10 m), 

water body boundaries are often not clearly defined and are 

inaccurately labeled, frequently being represented by mixed 

pixels, which leads to discrepancies in the predictions, especially 

in boundary regions. 

Additionally, the subset derived from Sentinel-2A imagery 

contains approximately 0.78% water pixels, whereas the aerial 

imagery subset presents around 19%. The reduced class 

imbalance in the aerial dataset likely facilitated model 

convergence and resulted in improved segmentation 

performance. 

 

5. Conclusion 

In this study, the Pernambuco Waterbody Dataset (PWD) was 

developed, a multi-source dataset composed of aerial and orbital 

remote sensing imagery designed for water body segmentation 

tasks. The dataset construction process included data acquisition, 

preprocessing, manual annotation, vectorization, segmentation 

mask generation, image tiling into patches, and data partitioning 

into training, validation, and test sets. 

The dataset was validated using deep neural networks based on 

encoder–decoder architectures, with different backbone 

networks evaluated in the experiments. Among the evaluated 

configurations, ResNet34 consistently appears as the backbone 

of the top-performing models in both the PE3D and Sentinel-2A 

experiments, whereas more complex configurations, such as 

EfficientNet-b0 and DeepLabV3+ with ResNet50, did not 

achieve the best overall results.  

This suggests that, within the context of this benchmark, 

increased architectural complexity does not necessarily result in 

proportional performance gains. In other words, lightweight and 

well-established architectures can provide competitive 

performance while maintaining lower computational cost and 

greater efficiency. 

It was observed that the segmentation performance of Sentinel-

2A imagery (RGB+NIR) was significantly lower than that 

obtained with high-resolution aerial RGB data, even with the 

inclusion of the additional NIR band. This result indicates that, 

within the context of this benchmark, spatial resolution and class 

distribution have a greater influence on model performance than 

the incorporation of additional spectral information. 

The evaluation metrics and results indicate that the dataset is 

consistent and suitable for training semantic segmentation 

models. The first version of the Pernambuco Waterbody Dataset 

(PWD) will be publicly released upon publication of this work, 

incorporating the improvements identified in this study. The 

dataset will be made available in accordance with the licensing 

terms of the original data sources (Sentinel-2A and PE3D), 

including the imagery, corresponding segmentation masks, and 

associated metadata. 

Future work includes revising and refining parts of the 

annotations to improve target delineation and incorporate 

previously unlabeled water bodies, aiming to enhance 

segmentation accuracy. Additionally, the incorporation of Digital 

Elevation Model (DEM) data for aerial imagery and the NDWI 

index for Sentinel-2A imagery is planned, which may improve 

water body discrimination. Finally, future investigations will 

explore more recent architectures, such as Transformers or 

hybrid approaches (CNN + Transformer). 
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