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Abstract—Accurate detection and segmentation of water bodies
across heterogeneous land use environments remain challenging
for automated monitoring systems due to variations in spectral
signatures, morphological complexity, and environmental con-
texts. To support research in this domain, the Aerial Image Water
Resources (AIWR) dataset was developed, comprising 800 high-
resolution aerial images with a spatial resolution of 50 meters
per pixel, capturing both natural and artificial water bodies
across 168,825.34 square kilometers of northeastern Thailand.
It encompasses diverse land use settings, including urban areas,
rural settlements, agricultural regions, and mixed-use landscapes.
The imagery was systematically collected from Bing Maps in 2019
and annotated by remote sensing experts following Thailand’s
Fundamental Geographic Data Set (FGDS) standards, ensuring
high-quality ground truth labels for supervised learning tasks.
AIWR exhibits wide variability in water body characteristics,
including size, shape, color, and spectral appearance, supporting
the development of robust segmentation algorithms. The water
bodies range from small urban ponds and agricultural irrigation
channels to large rivers and reservoirs, presenting complex
morphological features that challenge existing detection systems.
By addressing the lack of high-resolution water body datasets
in mixed land use contexts, AIWR establishes a standardized
benchmark for advancing artificial intelligence approaches in
water resource monitoring. The dataset is publicly available to
foster collaborative research in geoinformatics, computer vision,
and environmental monitoring, contributing to the development
of automated systems for comprehensive water management
across diverse landscapes.

Index Terms—aerial image, artificial water body, computer
vision, deep learning, instance segmentation, natural water body,
water management

I. INTRODUCTION

Water body segmentation in aerial and satellite imagery
remains challenging due to strong spectral confusion with
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shadows and dark impervious surfaces, fine-scale boundary
complexity, seasonal appearance changes, and the extreme
variability of object size, ranging from narrow canals to large
reservoirs. Classical index-based approaches, such as normal-
ized difference water index (NDWI) and modified NDWI
(MNDWI), are highly sensitive to illumination, turbidity, and
background effects, often resulting in fragmented small water
bodies or misclassified shadowed terrain [1]. Recent deep
learning methods have improved robustness by learning multi-
scale spatial-spectral cues directly from data; however, perfor-
mance still degrades for small, elongated, or occluded targets
and under cross-scene generalization [1], [2].

Several studies have proposed specialized convolutional
neural network (CNN) architectures and hybrid pipelines.
Farooq and Manocha [3] introduced an enhanced CNN (Wa-
terNet) tailored for small water body extraction, integrating
refinement modules to strengthen boundary continuity while
keeping computation tractable, and reported notable gains over
conventional baselines on multisensor scenes. Attya et al.
[4] designed a hybrid framework for Sentinel-2 imagery that
combined synthetic data augmentation through StyleGAN3,
denoising via an attention-guided autoencoder, Bi-ConvRNN
pixel restoration, and hyperparameter tuning with Particle
Swarm Dandelion Optimization, achieving state-of-the-art seg-
mentation accuracy. Similarly, Cao et al. [2] proposed EU-Net
for high-resolution imagery, demonstrating improved delin-
eation of complex boundaries and highlighting the importance
of architectures capable of capturing fine structural details.

Current water body segmentation approaches face several
notable limitations. Many models struggle to detect small
or filamentary water features due to architectural constraints
such as downsampling operations and limited receptive field
coverage, which often lead to fragmented boundaries and
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false positive predictions in shadowed areas [2]. Cross-domain
generalization remains another major challenge, as models
frequently exhibit reduced performance when applied to im-
agery from different sensors or geographic regions without
retraining [5]. Furthermore, the lack of standardized evaluation
datasets complicates comparative analysis, as variations in
spatial resolution, spectral band configurations, annotation
protocols, and data accessibility limit the reproducibility of
research findings [1].

The present study addresses these challenges by introducing
the Aerial Image Water Resources (AIWR) dataset, a high-
resolution benchmark with expert annotations that covers
diverse water bodies across mixed land use environments.
Water bodies in the dataset vary substantially in shape, color,
and size, which enables rigorous evaluation of segmentation
methods on fine-scale targets. AIWR supports the development
of boundary-aware and multi-scale approaches and establishes
a standardized resource for water body segmentation research
[6], [7]. The main contributions of this dataset are:
� Introduction of a high-resolution benchmark dataset:

Developed the AIWR dataset with 800 high-resolution
aerial images with expert-validated annotations spanning
natural and artificial water bodies across northeastern
Thailand.

� Support for robust segmentation research: Provided
a challenging dataset that captures variations in spectral
signatures, morphology, and land use contexts, enabling
the evaluation of advanced segmentation techniques.

� Public resource for the research community: Released
AIWR as an openly accessible benchmark to advance
collaborative research in geoinformatics, computer vision,
and environmental monitoring.

II. RELATED WORK

Segmenting water bodies from satellite imagery remains
challenging due to subtle spectral signatures and morphologi-
cal complexity. Traditional spectral indices (NDWI, MNDWI)
demonstrate limited accuracy in heterogeneous environments.
Farooq and Manocha [3] proposed WaterNet, an enhanced
convolutional neural network incorporating dense connectiv-
ity and multi-scale feature learning for improved boundary
delineation. The experimental dataset comprised Sentinel-2
satellite imagery obtained from the Copernicus Open Access
Hub, where false-color composite images from multiple ge-
ographic regions were selected to ensure diverse water body
distributions. Raw imagery (10981�10981 pixels) was resized
to 256 � 256 pixels to match CNN input requirements. Four
spectral bands (VNIR, red, blue, and green) were utilized to
enhance water-land discrimination, emphasizing small water
bodies with annotated binary labels for supervised train-
ing. Temporal coverage spanned January 2021 to February
2023, incorporating seasonal variability. Experimental results
demonstrate superior performance over conventional CNN
approaches.

Attya et al. [4] presented a hybrid deep learning frame-
work for water body segmentation using Sentinel-2 imagery.

StyleGAN3 was deployed for synthetic image augmenta-
tion, achieving 5% accuracy improvement through enhanced
training data diversity. An attention-guided denoising autoen-
coder with skip connections (AG-DAES) reduced noise while
preserving spatial structure, while Bi-ConvRNN architecture
restored missing pixels, improving segmentation reliability.
Hyperparameter optimization employed particle swarm dan-
delion optimization (PSDO), contributing 3–5% additional
accuracy gains. Feature extraction incorporated a multiscale
strip convolution module (MSSCM) for enhanced spatial-
spectral representation, yielding 6–8% accuracy improvement.
The framework utilized modified Map U-Net for final segmen-
tation, achieving state-of-the-art performance exceeding 99%
accuracy. Comparative experiments demonstrated superior per-
formance over existing methods, particularly in challeng-
ing scenarios involving vegetation interference, occlusions,
and mixed land-water boundaries, confirming the framework
adaptability for Earth observation applications.

Several studies have demonstrated the effectiveness of Sen-
tinel imagery in environmental monitoring, with applications
ranging from land cover classification and vegetation analysis
to water body detection and hydrological studies. Farooq and
Manocha [3] and Attya et al. [4] used Sentinel data because
it is freely accessible, provides global coverage, and includes
multiple spectral bands that support accurate water body map-
ping and environmental assessment. Sentinel-2, operated by
the European Space Agency (ESA), delivers multispectral im-
agery at 10 m, 20 m, and 60 m spatial resolutions with global
coverage every five days. This makes Sentinel-2 well-suited for
time-series analysis and large-scale monitoring of vegetation
dynamics, land cover changes, and water resources. However,
very small features remain difficult to capture due to spatial
resolution constraints. Noppitak and Surinta [6] addressed
the limitations of Sentinel imagery for detecting small-scale
features by using the Aerial Image Water Resources (AIWR)
dataset for water body segmentation. AIWR has higher spatial
resolution (50 meters per pixel) than Sentinel and includes wa-
ter bodies with substantial variation in shape, color, and size.
An instance segmentation approach based on Mask R-CNN
was proposed for delineating natural and artificial water bodies
in aerial images. The AIWR dataset comprises 800 aerial
images from agricultural lowlands in northeastern Thailand,
annotated and validated by remote sensing experts. The dataset
presents substantial heterogeneity in water body appearance,
including variations in color, shape, size, and similarity to
other land covers. To optimize the training process, a pre-
trained Mask R-CNN with ResNet-101 backbone (trained on
the COCO dataset) was fine-tuned on the AIWR data. Given
the limited dataset size, affine image transformations (scaling,
translation, rotation, shear) were applied as data augmentation
during training. The study reported that augmentation substan-
tially improved performance: mean average precision (mAP)
increased from 0.30 (without augmentation) to 0.59 (with
augmentation). The results suggest that, even with relatively
modest training data, transfer learning and data augmentation
enable Mask R-CNN to effectively segment water bodies in
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complex aerial imagery.

III. BACKGROUND

In the northeastern region of Thailand, a significant portion
of the population depends on agriculture as the primary source
of livelihood. Consequently, much of the area is dedicated
to agricultural activities. However, the soil in this region is
predominantly sandy, exhibiting poor water retention capa-
bilities [8]. This condition has created an urgent need for
the government to monitor water sources to ensure sufficient
water supply for farmers and support agricultural productivity
[9]. This situation highlights the growing significance of water
management research.

This study segments water bodies from RGB aerial images
to address these challenges. Data collection targets northeast-
ern Thailand, which consists of extensive plains and agricul-
tural land. AIWR contains a limited number of images by
design to evaluate how segmentation methods perform with
scarce data. The dataset includes water bodies that vary in
shape, color, and size, and experts validated all ground truth
annotations. Improving existing segmentation algorithms or
creating new architectures for small datasets remains the main
challenge.

Although indices such as the Normalized Difference Water
Index (NDWI) and multispectral imagery are widely applied
in geospatial analysis, the AIWR dataset was intentionally
constructed using RGB aerial images. This decision is based
on the broader availability, lower cost, and higher spatial
resolution of RGB data, which allow for the detection of small
and irregularly shaped water bodies that are often overlooked
by medium-resolution satellite sensors. Furthermore, relying
entirely on RGB imagery establishes a more challenging and
realistic benchmark for segmentation model development, as
algorithms must learn discriminative spatial and morphological
features without depending on predefined spectral indices.
This design also reflects real-world scenarios in which RGB
imagery is the only available source, such as drone-based
surveys or historical aerial photography, thereby strengthening
the practical relevance and applicability of the dataset.

IV. THE AERIAL IMAGE WATER RESOURCES (AIWR)
DATASET

The Aerial Image Water Resources (AIWR) dataset was
collected in 2019 using the Bing Maps website, focusing on
the northeastern region of Thailand. The study area spans
168,825.34 square kilometers (km²), located between latitudes:
+14�140 to +18�270 and longitudes: +101�150 to +105�350.
The land in this region is predominantly used for cultivating
key economic crops such as rice, sugarcane, cassava, and
animal-feed corn, as well as for growing economic trees like
rubber and eucalyptus [10], [11]. Additionally, agriculture in
the northeast relies heavily on rainwater and water sourced
from the Mekong, Chi, and Mun rivers [12].

The development of this dataset adheres to the standards
set out in the Fundamental Geographic Data Set (FGDS). The
land use layer is a critical component of Thailand’s FGDS,

developed as part of a project aimed at defining the content
structure, attributes, and quality standards for the FGDS at the
national level. This initiative was led by the Geo-Informatics
and Space Technology Development Agency (GISTDA) in
collaboration with the Chulalongkorn University Academic
Service Center. The content structure of the standard encom-
passes specific characteristics of FGDS layers, aligned with
the guidelines outlined in the international standard ISO19131:
Geographic Information – Data Product Specifications [13].

The land use classification system developed by the Land
Development Department is the standard classification system
for use across all government agencies [14]. In the AIWR
dataset, the labelling of water body areas follows the Level 1
classification for land use in water body zones, categorized as
“Water body (W).” The classification of water body land use
is illustrated in Fig. 1.

Fig. 1: The water body classification system comprises three
hierarchical levels.

The AIWR dataset comprises 800 aerial images depicting
diverse natural and artificial water bodies characterized by
significant variations in shape, color, and size. Segmentation
of these water features presents substantial challenges, particu-
larly for researchers with limited experience in remote sensing
applications, as accurate identification requires expert knowl-
edge and considerable analysis time. Natural water bodies pose
additional complexity due to their curved and irregular forms,
especially rivers with meandering patterns. Furthermore, water
bodies exhibit varying spectral appearances, including dark
green, light green, brown, and dark blue coloration (see Fig.
2), which complicates automated detection and classification.
To address these challenges and support research accessibility,
the dataset includes comprehensive ground truth annotations
for each image, enabling detailed visualization and quantitative
analysis for both novice and experienced researchers.

This interdisciplinary resource finds applications across
multiple fields, including geoinformatics, geographic informa-
tion systems, computer vision, and artificial intelligence. The
compilation facilitates the analysis of satellite data, particularly
in the RGB spectral domain, the segmentation of both natural
and artificial water bodies, and the exploration of the geo-
graphical landscape of Northeast Thailand. Additionally, this
benchmark provides opportunities for developing and training
novel algorithms aimed at improving the precision of instance
segmentation in aerial imagery. The comprehensive nature
of this resource accommodates diverse analytical approaches,
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Fig. 2: Examples of water bodies in the AIWR dataset,
including natural and artificial types.

highlighting the significance of cross-disciplinary research
applications.

Public availability of this dataset promotes collaboration
among researchers and developers. This collection provides
a valuable resource for advancing the application of artificial
intelligence tools in water body analysis within aerial imagery
contexts.

The AIWR dataset was specifically curated to support
researchers in the computer science domain, particularly those
focused on developing advanced AI algorithms for water body
segmentation in the northeastern region of Thailand.

The dataset presents significant challenges for instance
segmentation due to variations in the size, color, and shape
of water bodies. Additionally, the colors of these water bodies
often closely resemble those of other land use categories, such
as forests, flooded open areas, and paddy fields. The segmen-
tation difficulties can be classified into four key aspects: color,
shape, size, and similarity, as described below:
� Color: As shown in Fig. 3a, water bodies exhibit consid-

erable color diversity, including shades of white, blue,
gray, and black. In some locations, aquatic vegetation
covers the water surface, resulting in darker hues such
as deep green and black.

� Shape: The shapes of water bodies vary widely, ranging
from triangles and rectangles to U-shaped curves and
zigzag patterns, as depicted in Fig. 3b.

� Size: Water bodies vary significantly in size. Measure-
ments from Bing Maps indicate that their widths range
from 10 meters to 120 meters, as illustrated in Fig. 3c.
Notably, water bodies with widths of only 10 meters
appear as small dots in the imagery.

� Similarity: Aerial images of certain water bodies bear
striking resemblance to other land use types, such as
flooded areas, water obscured by vegetation, or regions
with built structures, as shown in Fig. 3d.

(a)

(b)

(c)

(d)

Fig. 3: Instance segmentation challenges in the AIWR dataset:
(a) color variation, (b) shape complexity, (c) size diversity, and
(d) similarity to non-water features.

V. EXPERIMENTAL DESIGN AND METHODS

A. Evaluation Metrics

Performance was quantitatively evaluated using Intersection
over Union (IoU), Dice Coefficient, Precision, Recall, Mean
Average Precision (mAP), and Mean Intersection over Union
(mIoU) [15]–[17].

1) Intersection over Union (IoU) / Jaccard Index: Inter-
section over Union (IoU), also known as the Jaccard Index,
measures the overlap between the predicted segmentation
mask P and the ground truth mask G. It is expressed as:

IoU =
T P

T P + F P + F N
=
jP \Gj
jP [Gj

(1)

where T P , FP , and F N denote true positive, false positive,
and false negative pixels, respectively. Higher IoU values
indicate stronger agreement between prediction and ground
truth [16].

2) Dice Coefficient: The Dice Coefficient evaluates the
similarity between the predicted and reference regions. It is
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defined as:

Dice =
2T P

2T P + F P + F N
=

2jP \Gj
jP j+ jGj

(2)

This metric is closely related to IoU but places greater em-
phasis on true positive pixels, making it particularly suitable
for addressing class imbalance [16].

3) Precision and Recall: Precision and Recall quantify
complementary aspects of segmentation performance. Preci-
sion measures the proportion of predicted positive pixels that
are correct, while Recall measures the proportion of actual
positive pixels that are correctly identified:

Precision =
T P

T P + F P
(3)

Recall =
T P

T P + F N
(4)

A high precision value indicates a low false positive rate,
whereas a high recall value reflects effective detection of the
target class [16], [17].

4) Mean Average Precision (mAP): Mean Average Pre-
cision (mAP) is employed for evaluating segmentation and
detection tasks. The Average Precision (AP) for each class c
is computed as the area under the precision–recall curve, and
mAP is calculated as:

mAP =
1
C

CX

c=1

APc (5)

where C denotes the total number of classes. Predictions are
typically considered correct if the IoU exceeds a predefined
threshold [17].

5) Mean Intersection over Union (mIoU): For multi-class
segmentation tasks, IoU is first computed for each class to
assess how well the predicted region aligns with the ground
truth. The mIoU is then obtained by averaging these per-
class IoU values across all C classes, ensuring that each class
contributes equally to the overall performance metric:

mIoU =
1
C

CX

c=1

T Pc

T Pc + F Pc + F Nc
(6)

This metric provides a balanced assessment across all classes
and serves as a standard benchmark in semantic segmentation
research [16].

B. AIWR Data Collection

The dataset was created using Bing Maps in satellite format
by randomly selecting land use areas classified as Level 1
(water body: W) in the northeastern region of Thailand. Each
aerial image was designated to represent a single type of land
use, specifically water bodies, with each image potentially
containing one or more water bodies. This poses a challenge
for researchers attempting to develop novel algorithms for
segmenting water bodies in aerial images with limited training
data. All aerial images were captured at a size of 650 � 650
pixels, maintaining a 1 : 1 aspect ratio.

Ground truth labels were assigned to each aerial image, with
multiple labels possible within a single image, all categorized
under the label “W.” To ensure accurate delineation of water
body boundaries, experts in remote sensing analyzed and
interpreted the images. The ground truth annotation process
was conducted using LabelMe software, which is available
for download and installation from the following website:
https://github.com/wkentaro/labelme/releases.

C. Experimental Design

Using the AIWR dataset, Noppitak, Gonwirat, and Sur-
inta [6] employed a mask region-based convolutional neural
network (Mask R-CNN) with ResNet-101 as the backbone
architecture. The dataset was divided into training, validation,
and test sets in an 80 : 10 : 10 ratio. Data augmentation
techniques were also applied during model training. The
results indicated that the Mask R-CNN model achieved a
validation loss of 0.41 and a mean average precision (mAP)
value of 0.59.

Subsequent research built on this baseline by optimizing
model performance through hyperparameter tuning and im-
proved training strategies. Parameters including learning rate,
batch size, and epoch count were tuned based on validation
performance [18]. Early stopping and learning rate scheduling
helped prevent overfitting [19] and improved model gener-
alization across different test scenarios. These optimizations
balance accuracy with computational efficiency, addressing
challenges from limited data and the complexity of water body
segmentation in aerial imagery.

VI. CONCLUSION

This study presents the Aerial Image Water Resources
(AIWR) dataset as a benchmark addressing a key gap in
water body segmentation: the limited availability of high-
resolution aerial imagery covering heterogeneous land use
at a regional scale with expert-validated annotations. AIWR
comprises 800 high-resolution aerial images collected from
agricultural regions in northeastern Thailand and spans an area
of 168,825.34 km², with annotations that conform to the Fun-
damental Geographic Data Set standard of Thailand. Unlike
resources derived from medium-resolution satellite imagery,
AIWR captures fine-scale boundaries and small targets that
are often missed in coarser data, thereby enabling precise
segmentation of water bodies across diverse appearances and
landscape contexts.

The dataset is designed to support the development and
evaluation of segmentation models. The diversity in shapes,
colors, spectral properties, and background complexity within
the dataset provides a robust foundation for boundary-aware
and multi-scale approaches, while the inclusion of heteroge-
neous land use conditions enables deeper investigations into
domain robustness and model generalization. Initial baseline
experiments using Mask R-CNN with ResNet-101 as the
backbone architecture demonstrated the utility of the dataset,
achieving a validation loss of 0.41 and a mean average
precision of 0.59 on the test set. These results establish a
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quantitative reference point for future comparative studies and
highlight opportunities for further performance improvements
through advanced model architectures and training strategies.

AIWR provides a consistent and reliable foundation for
the rigorous evaluation of segmentation algorithms and sup-
ports comprehensive assessments of model performance in
challenging scenarios involving small objects and ambiguous
boundaries. The dataset is publicly available and is expected
to accelerate research in water resource monitoring and man-
agement by enabling the development of more accurate and
robust segmentation techniques.

Beyond the role of a benchmark, AIWR supports the
development and evaluation of advanced segmentation archi-
tectures, including random forest ensembles [20], scale-wise
bidirectional alignment networks [21], U-Net architectures
with self-attention and separable convolutions [22], DE-Unet
[15], PolarMask++ [23], and FBRT-YOLO [24], on high
resolution aerial imagery. Future work will employ AIWR to
design methods that learn fine grained spatial cues, integrate
boundary supervision, and operate reliably with limited labels.
The integration of remote sensing data with method innovation
allows AIWR to provide a foundation for advancing automated
water resource monitoring and supporting sustainable water
management in regions where data resources are limited.
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